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Abstract
The central theme of this dissertation is to analyze the importance of family investment in explaining the
evolution of children’s development in disadvantaged households. I study how socioeconomic conditions,
parenting, child care choices, and parent’s innate ability determine cognitive and non-cognitive abilities of
their children. I also examine how effective policy interventions can help to reduce socioeconomic disparities
and to enhance child development.
In my first essay, I estimate a production function of cognitive achievement for children of the ages 7-8
and 14-15 years old in Andhra Pradesh, India. I identify the influence of socioeconomic factors, nutrition,
parenting, and school inputs on cognitive development measured by the Peabody Picture Vocabulary Test.
Using the longitudinal study Young Lives project in India, I apply the algorithm proposed by Levinsohn and
Petrin (2003) to build control functions that account for the endogeneity of parental investment decisions and
uncover causal effects of key inputs. I find that household socioeconomic characteristics strongly influence
their children’s cognitive development. Nutrition, household quality, and school factors also contribute to a
child’s development but to a lesser extent.
A key factor that contributes significantly to the production of skills is the time that the mother spends
with her child. Based on the simple specification presented in the previous model, in my second essay I
apply a structural model of labor and child-care options to analyze the impact of mothers’ decisions on their
children’s cognitive and non-cognitive development. Mothers decide on child-care arrangements and allocate
their labor supply according to their preferences and constraints. I estimate the parameters of a production
function of skills by applying simulation methods with data from the Fragile Families and Child Wellbeing
Study. Results indicate that maternal time is the most significant factor in the production of skills of young
children. Counterfactual exercises show the importance of institutional child care on both cognitive and
non-cognitive measures.
Finally, I go beyond the previous model and in my third essay I focus on mothers who consume
substances during their children’s development processes to analyze the consequences of their household
and substance-consumption decisions on their children’s non-cognitive skills. Using modified versions of the
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family economics and rational addition frameworks proposed by Becker, I present a production function of
children’s non-cognitive skills nested within an explicit model of household decision-making in which mothers
have time-inconsistent preferences. The model is identified and estimated by applying simulation methods
with data from two sources: the Maternal Lifestyle Study, which contains information on maternal substance
use and children’s non-cognitive skills, and the Fragile Families and Child Well-being Study, which has data
on parental income and labor supply. Results indicate that, in households with substance-using mothers, a
composed parental input is a relevant factor in the production of non-cognitive skills for children under twelve
years old. Mothers’ addictions negatively affect children’s non-cognitive skills, but their impact diminishes
as the child grows. The unbiased estimates from the structural model allow us to perform counterfactual
exercises. I study how policies can compensate for both pre- and postnatal exposure to maternal substance
use in children under twelve years old.
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Chapter 1
Estimation of the production function
of cognitive ability for children in
Andhra Pradesh, India
1.1 Introduction
In developed countries, there exists an extensive literature on the relationship between socioeconomic status
and cognitive development, which concludes that more resources improve cognitive development in children1.
Unlike developed countries, research in developing countries has focused on child health as a key factor in
cognitive development. Less attention to socioeconomic status has been given as it has been viewed as
factors of second order of importance2.
The objective of this paper is to identify the determinants of cognitive achievement of children during
their early stages of development in Andhra Pradesh, India, specifically nutrition, socioeconomic status,
parenting and school factors. Assessing the impact of the determinants of children’s cognitive ability is not
an easy task. It is difficult to disentangle correlation and causality when studying relationships between
socioeconomic status, child nutrition, school inputs and children’s achievement. Endogeneity arises because
of the simultaneity of the decisions and the relation with the child’s performance. Also, we need data that
includes a measure of the child’s cognitive achievement, family characteristics and school factors.
Cognitive achievement can be viewed as the product of an educational production function, which de-
pends on parental and household characteristics, and school inputs that stimulate children’s cognitive skills.
In particular, we can use the analytical framework developed in the industrial organization literature on
production functions to overcome the difficulties that could arise during the estimation process. Empirically,
we can analyze this relationship with three types of econometric methods: i) basic OLS; ii) more sophisti-
cated econometric models that try to correct biases; and iii) the identification of an effect of a particular
input based on a natural or controlled experiment. In developing countries there are some studies that an-
alyze the effect of a particular treatment on children’s cognitive development using experimental methods3.
Non-experimental models, however, are based on observational data, where a reasonable assumption is that
1For example, Blau (1999); Berger et al. (2009)
2A brief enumeration could include Powell et al. (1995); Pollitt et al. (1997); Lozoff et al. (2000); Grantham-McGregor et al.
(1997); Grantham-McGregor and Ani (2001)
3For example Macours et al. (2012); Paxson and Schady (2007); Muralidharan and Sundararaman (2013); Duflo et al. (2012)
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input factors that compose the production function are controlled variables. These studies can be estimated
by OLS or structural models. Structural models are not usually applied in developing countries, because of
data limitations.
The longitudinal dataset collected by the Young Lives Project in the state of Andhra Pradesh, which
tracked two cohorts of children with household visits in 2002, 2007 and 2009 presents suitable data to analyze
these relationships. It measures cognitive development by the Peabody Picture Vocabulary Test (PPVT), a
test of receptive vocabulary that provides an estimate of verbal ability. It also includes information about
household and individual characteristics, child’s nutritional status and school inputs. With this data set, I
am able to apply the method proposed by Levinsohn and Petrin (2003) to find unbiased estimates. I detect
that socioeconomic factors are the most important determinants of child development. These factors become
stronger for older children. This effect is transferred to an increase in the PPVT score gap between older
girls and boys. Also, children between seven and eight years old would benefit more from policies that focus
on their nutritional status or increase parents’ years of education. For children between 14 and 15 years old,
it would be more beneficial for them to receive interventions that improve their socioeconomic status and
promote school enrollment.
This study contributes to the literature in three ways. First, given the characteristics of the data set, I
can examine the effects of socioeconomic factors on the cognitive development of children of different ages.
Also, I can evaluate the influence of socioeconomic factors on the gender gap on PPVT scores. Second, the
structural identification of a production function of cognitive achievement in a developing country constitutes
a novelty in the child development literature. The “not-biased” estimates allow me to perform counterfactual
exercises that are valuable for policy recommendations. Third, this data set also helps to analyze the effect
of nutritional, household and parenting variables on the child’s cognitive skills. Even though those variables
seem to be important, they contribute to a lesser extent in the child’s development.
The rest of this paper is organized as follows. In Section 1.2, I briefly survey the existing literature.
In Section 1.3 I describe the Young Lives dataset. In Section 1.4 I outline the characteristics of the model
(Subsection 1.4.1) and I present the econometric strategy to estimate it (Subsections 1.4.2 and 1.4.3). In
Section 1.5 I offer the estimation results of the model, some tests that confirm the validity of the proposed
method, and an analysis by gender of the determinants of cognitive development. I conclude in Section 1.6.
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1.2 Literature review
In the last 20 years, an important decline in poverty in India has been observed4. With this reduction,
there has been considerable improvement in the health and nutritional status for children under five. Table
A.1 shows the percentage of children whose height-for-age is more than two standard deviations below the
median. These levels reflect improvements across time, however, childhood development is still under high
risk.
Poor health conditions can affect a child’s ability to learn by reducing the enrollment rate, lowering daily
attendance, and lessening learning effectiveness in the classroom. Even though India has made some progress
with respect to the level of primary attendance (we can see the evolution of school enrollment in Table A.2),
the quality of the achievement is compromised because of high levels of malnutrition in children.
Regardless of advancing elementary school enrollment, participation rates and achievement levels are low,
teacher absenteeism is high (Kingdon (2007)), and, according to Kremer et al. (2005), conditions in rural
areas remain especially poor. According to Banerji et al. (2013), in rural India nearly 40% of children at
class five level cannot read class two texts. Also, around 60% at that level are not able to do basic division.
Additionally distressing is that just 9% of children in class two can read at that level, and 60% cannot
distinguish numbers between 10 and 99. The most likely origins of these problems are poverty which forces
children to work rather than study, poor quality schools, low parental involvement, and instructor truancy.
I will follow the approach of Todd and Wolpin (2003) who estimate cognitive production functions
through the relation between achievement tests and individual, household and parenting inputs. With
the approach the authors propose, we can sort out the causal relationship between socioeconomic status
and cognitive outcomes. The authors posit that unobserved child characteristics could affect the decisions
on input and performance outcomes, leading to biased estimators. Hence, they survey the literature on
estimating production functions to analyze the relationship between achievement and family and schooling
inputs when the data has different levels of quality5,6.
A child’s school performance is mainly determined by his or her cognitive attainment, but it also depends
on the social context, a component that is not usually considered because of data limitations. A portion of
4According to The World Bank (2011), the poverty level is 22%, nevertheless this implies that there are around 269.3 million
people living in poverty conditions
5For instance, estimating the cognitive achievement production function in school-age children requires current and past
data of school and family inputs. Household surveys contain data on family inputs but lack on school inputs. Data sets gathered
at schools don’t include family inputs
6Heckman and Cunha (2007) focus on the different stages of the child development process using the National Longitudinal
Survey of Youth of 1979 Children and Young adults (NLSY79-CS). They found that children might have different cognitive
and non-cognitive skills depending on the quality of the inputs received in their early stages of life. This result implies that
the child’s future success can be predicted using the “ability” obtained in the analysis. Only the last two rounds of the Young
Lives data set contains information about children’s cognitive development; hence, I am not able to apply the method proposed
by Heckman and Cunha. Also, their model might present the challenge that unobservable characteristics of the children and
parents can affect nutrition and cognitive outcomes.
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the assumptions made in the study of children’s expertise in the industrialized world may not be applied in
developing countries7. Also, there may be environmental elements that affect children’s abilities that ought
to get more consideration. Grantham-McGregor et al. (2007) find that a poor environment with scarce
resources and inadequate home conditions might lead to child stunting that undermines development, with
the consequence of poor academic achievement.
In developed countries, there exists an extensive literature that analyzes the association between socioe-
conomic status and cognitive development. Blau (1999) finds that the effect of income on child development
is small compared to the effect of the “permanent income” (e.g., average income over all periods). Also, fam-
ily background characteristics play a more important role than income to determine child outcomes. Berger
et al. (2009) create a model of a poor socioeconomic background and describe the consequent psychological
effects on parents and how the children’s performance can be negatively affected. Case et al. (2002) present
evidence that income gradients observed in adults have precursors in childhood. Utilizing several nationally
representative data sets, they find that children’s wellbeing is identified with household income, and the
relationship between family income and children’s wellbeing is strengthened as children become older.
Unlike developed countries, research in developing countries has focused more on child health as a key
factor of cognitive development and little emphasis has been applied to socioeconomic status. For example,
Powell et al. (1995) study the relationship between physical development and change in the “Griffiths mental
development scales”8, using a sample of 127 children in Jamaica. They find that nutrition is one of the most
important variables that explain the relation between growth and cognitive development. Also, Pollitt
et al. (1997) study the effect of short-term supplementary feeding in children between 6 and 60 months
in Indonesia, with a randomized program that tests the impact of dietary supplement. They conclude
that supplementation can have long-lasting effects on information processing, PPVT, word fluency, and an
arithmetic test. Lozoff et al. (2000) analyze a longitudinal study of children who had been tested and treated
for iron deficiency in Costa Rica. They find that a chronic deficiency in iron during infancy determines that
the children would remain at developmental risk.
The effects of child development program interventions in developed countries have been analyzed rela-
tively in depth. Various new papers demonstrate the potential benefit of this analysis in developing countries
(for instance, Martinez et al. (2012) describe the most relevant studies of interventions that target early
childhood cognitive development). Macours et al. (2012) analyze the effect of the conditional cash transfer
program “Atencio´n a Crisis” in Nicaragua. The program provided payments to randomly selected poor
7For instance, Heckman and Carneiro (2003) assume that parents invest in their children’s development only for altruistic
reasons. This idea might not be applicable in a developing country.
8This metric measures the rate of development of young children from zero to two or eight years old. It comprises six
sub-scales: locomotor, personal, language, hand and eye coordination, performance, and practical reasoning.
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families with the requirement that parents enroll their children in school, that the child regularly attends
and that the parents take the child to regular preventive care visits. Parents also received training about
the importance of nutrition in household food choices. They found that the effects had not faded two years
after the program was implemented, and that the impacts are not a result of just the cash component9.
The traditional strategies used in most of these studies rely on randomized experiments using simple
OLS. More advanced structural models can only be applied in a context of appropriate data (especially
panel data), which are more common in developed countries. Canon (2010) applies the method proposed by
Olley and Pakes (1996) (OP, hereafter) in the estimation of the production function of achievement. Using
the National Longitudinal Survey of Youth of 1979 Children and Young adults, the author describes the
factors that determine the inequalities in the human capital development. She presents an estimation of
the achievement production function in which different kinds of investments on childhood development are
considered, and the inputs are correlated with the unobserved ability to learn.
The application of the OP method relies on the quality of the data: it consists of a long panel with limited
dropouts. In the Young Lives data, there are only three rounds of information, with cognitive achievement
in the last two rounds. Also, this method uses investment in childhood education as a proxy variable to
solve the endogeneity problem. This approach is problematic if we do not observe investment information
in some individuals because the observation has to be dropped, and the sample becomes truncated. In
addition, in a developing country, it is likely that the report about the investment in childhood education
could present problems of measurement error. Levinsohn and Petrin (2003) (LP) present an alternative that
is more consistent with my data; their method uses intermediate inputs to control for endogeneity. This
dataset contains information about the amount spent on the child’s clothing, intermediate expenses that are
related to the child’s development. I observe that this variable is reported for all the observations, and it is
less likely to have measurement error. Those are intermediate input expenses that contribute to the child’s
development.
1.3 Data
The Young Lives Project collected the data between 2002 and 2010 in the state of Andhra Pradesh, located
on the southeast coast of India. This is the fourth largest state of the country in terms of area and has
9In India, Muralidharan and Sundararaman (2013) analyze the effects of teacher performance incentives and school inter-
ventions on math and language tests. They use a randomized evaluation method with 400 schools in the treatment group and
100 in the control group. The treatment group received different types of interventions. Schools that received the treatments
performed better than those in the control group. Also, Duflo et al. (2012) assess the effectiveness of an experimental study
that provided monetary incentives to teachers to reduce absenteeism. With 120 randomly selected schools (60 assigned to the
control group and the other 60 in the treatment group), they find that the teacher attendance rate increases from 65% to almost
80%.
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a total population of around 84 million by 2011, 73% of whom live in rural areas. The state is divided
into three regions - Coastal Andhra, Rayalaseema and Telangana - with distinct regional patterns in the
environment, soil and livelihood features. India has a national average Human Development Index (HDI) of
0.467 (Gandhi et al. (2011)), and Andhra Pradesh is the 15th state with an index of 0.473. In Figure A.1,
we can see the spatial distribution of the HDI by state in India.
The objective of the Young Lives survey is to identify the causes and effects of childhood poverty and
evaluate policies that can improve children’s wellbeing through more effective interventions10,11. The panel
follows two cohorts of children (the “Young cohort” -that is, children born in 2001-, and the “Old cohort”
-children born in 1994-) to analyze their environmental, social and economic characteristics. With the three
rounds of data we can follow 985 children in the Old cohort and 1950 in the Young cohort (see Table A.3),
with an attrition rate less than 2%.
1.3.1 Relevant Factors and Variables of interest
The Young Lives program collected information about cognitive performance for both cohorts during the
Rounds 2 and 3, to ensure that they were appropriate for their age and stage of education. I follow Paxson
and Schady (2007) and Blau (1999) to consider the PPVT as the main outcome measure of the analysis.
Pooling the scores from both rounds, we observe in Figure A.2 that as age increases, without controlling for
anything, the score also increases, noticing a gender gap in the PPVT score.
A wide set of explanatory variables will be included to describe the conditions of the child, parents,
household, and school factors that affect the child’s cognitive outcome. Characteristics of children include age
in months, gender and height-for-age z-score, to account for the quality of the child’s nutrition. Household’s
characteristics include an indicator of location (urban or not), household size, if the household head is male,
mother age and internet access at home. Socioeconomic factors are considered through a wealth index and
mother and father’s education. Finally, school characteristics are considered with the school type (private,
public or other type of school), and enrollment. Table A.5 presents the summary statistics of the variables
included in the analysis. A child that belongs to each of the cohorts represents the unit of observation.
10In the sampling process, six districts were selected based on the classification of poor/non-poor given by their relative levels
of development. Then, twenty sentinel sites within these districts were identified based on the same classification. Subsequently,
one village was randomly selected from among the five villages that comprised a sentinel site. Finally, questionnaires were
administered to a random selection of 100 households with a child born in 2001 (“Young cohort”) and 50 households with a
child born in 1994-95 (“Old cohort”) per sentinel site in these villages.
11As Kumra (2008) describes, three pointers were considered to rank the districts. The first one corresponds to the economic
development, including % of irrigated land, per capita income, and % of urban population. The second, human development,
weighed the % of population in Scheduled Castes, female literacy rate, infant mortality rate, % of children aged 5 to 14 years
who do not attend school. Finally, infrastructure development included total road length per 100km square, number of banks
per 10,000 people, number of hospital beds per 10,000 people. The pointers were scaled according to weights: 30% for economic,
40% human development and 30% infrastructure.
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For each variable, we can see the mean and standard deviation in every cohort during the last two rounds.
The PPVT started to be collected in the Round 2. Across the rounds, most of the children are located in
rural areas, with more than five family members on average, living mostly in male-headed households. The
geographical distribution of the children selected in the study presents a comparable percentage for each
region.
1.3.2 The relation between Cognitive Development and Socioeconomic status
Socioeconomic status is captured through a wealth index. The link from this variable to cognitive devel-
opment raises important policy issues because it implies that the cognitive development contributes to the
inter-generational transmission of poverty from parents to their children. Section A.4 describes how the
wealth index and all the other variables were constructed. Figures A.3a and A.3b show that cognitive devel-
opment differs for children in different quartiles of wealth. This association might be capturing the impact
of other inputs that could also be correlated with the PPVT score, but not included12.
In the upper left and upper right panels of Figure A.3a, we see how the average score differs across
girls and boys respectively in the Old cohort of Round 2. For those children in higher quartiles of wealth,
their average test score is higher compared to those in poorer families, and the gap increases for older
children. Young cohort children in wealthier families (left bottom and right bottom of Figure A.3a) also
obtain better scores. By comparing both Figures, we observe that the score gap increases according to the
family’s socioeconomic status and also for older children.
Socioeconomic status can also be analyzed through mother’s education in Figures A.4a and A.4b. Chil-
dren whose mothers do not have education are compared with those who have between one and four years
of education, and those with more than five years of education. Those children whose mother have more
years of education obtain higher test scores than those whose mothers have less than five years of education.
However, the average score not always increases as the child gets older.
1.3.3 The relation between Cognitive Development and Nutrition
In spite of the fact that health is a function of numerous things that can differ from child to child, anthropo-
metric pointers are a decent measure of general physical development, as they reflect diet and development
accomplished during the child’s lifetime.
12The relation between socioeconomic status and PPVT might be driven by unobserved variables that affect both of them.
For example, it can be the case that parents with very high cognitive skills can achieve high levels of wealth; and also, their
children could inherit that ability. The literature agrees that both genetic and socioeconomic factors contribute to child cognitive
ability.
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I concentrate on the height-for-age z-score, which is an aggregate (straight) measure of lifetime nutritious
inputs. Extremely low height-for-age is alluded to “stunting”, when the index is less than two standard
deviations from the median. Figures A.4c and A.4d show the relation between PPVT scores and stunting
status for Round 2 and 3 respectively. In both Figures, the test score gap increases as the child gets older.
1.3.4 School factors
In India there are three types of schools: government, private supported, and private. Schools run by
the national, state, or local governments are alluded to as “government schools”. Those run by private
administrations, yet subsidized, are called “private supported” schools. Schools run by private entrepreneurs
without any government aid are known as “private” schools. Two types of private schools exist: recognized
and unrecognized schools. The government recognizes the former type of school after satisfying various
conditions13.
Between December 2010 and March 2011, the Young Lives program conducted a school-level survey of
953 children that belong to the Young cohort. The review endeavored to capture school-level information
to analyze the contrasts in the foundation and financing, in instructor capabilities and attributes regarding
classroom management and demonstration of skills, and in children’s experiences of education. It developed
questionnaires for school principals (head administrators/headmistresses), to all Young Lives children in the
school and to the math educators. The inclusion of this information in the analysis, even though it enriches
the model, will be applied to a small number of observations in the Young cohort. The last two columns of
Table A.5 present the summary statistics of those children that entered in the School data survey.
1.4 Theoretical Framework
1.4.1 Model
The model follows the framework proposed by Levinsohn and Petrin (2003). Every period, parents decide
the amount of resources to invest in their children, and they observe different shocks that can affect their
productivity of PPVT scores14. Parents obtain a utility Ut(·) from their child’s performance at t (measured
by hit). The household head feels better when the child gets high scores. It also depends on inputs in the
13According to Kingdon (2007), to qualify as a recognized private school, it must be an enlisted society, own a building
(not leasing), utilize prepared educators, pay rates as indicated by government laws, have classrooms of a determined size, and
charge government-set rates.
14In theory, the parents’ value of their utility can be represented by to the following Bellman equation:
Vt(ht,Ωt, t; Θ) = max {Ut(ht,Ωt, t; Θ) + ρE[Vt+1(ht+1,Ωt+1, t+1; Θ)|It]} . (1.1)
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“production” of scores (denoted with Ωt); an error term (t), and a vector of the parameters to estimate (Θ).
The state variables are hit−1 (child’s previous academic quality) and the individual specific characteristic,
ηt. All this decision process is according to the information set, It, they have at that time and the discount
rate ρ.
The vector of factors, Ωit, is composed of the individual and home characteristics, school inputs, and the
family’s socioeconomic status, that are realized at different points in time. The household head’s decision
process evolves according to the following timeline of events (see Figure 1.1):
t− 1
Xit,Ψit︸ ︷︷ ︸
chosen
t
t+ 1
Ωit+1︸ ︷︷ ︸
chosen
Sit, ιit︸ ︷︷ ︸
chosen
Yit︸︷︷︸
chosen
ηit︸︷︷︸
realized
it, hit︸ ︷︷ ︸
realized
ηit+1︸ ︷︷ ︸
realized
it−1, hit−1︸ ︷︷ ︸
realized
Figure 1.1
We start the period with a previous realization of the random shock t−1 and the score ht−1. At the
beginning of the period, we know the individual and home characteristics, Xt and Ψt, respectively. Then,
schools decide the inputs to dedicate into the classroom (represented by the vector St), and parents choose
the amount to spend on inputs that affect the child’s development, ιt. Also, family socioeconomic status is
determined at this stage (Yt). Later on, the individual specific ability is realized, ηt. Finally, the random
shock (it) is known, and we obtain the child’s performance ht at the end of the period.
Levinsohn and Petrin (2003) do not solve the dynamic programming problem, but they set up the analytic
framework of how to interpret the context. As in Todd and Wolpin (2003), we can analyze the relationships
of the main determinants of child’s cognitive development as follows. The empirical strategy focuses on the
value added production function of scores. This specification adds to the contemporaneous variables the lag
of the cognitive skill measure15. Recall from equation (1.1), the production function of achievement is given
by
hit = β0 + β1Xit + β2Ψit + β3Yit + β4Sit + β5hit−1 + ηit + it, (1.2)
considering Θ = [β0, β1, β2, β3, β4, β5]. Equation (1.2) cannot be estimated by OLS because input choices
are determined by parents’ beliefs about ηit according to ηit−1. Hence, the productivity shock is transmitted
from one period to another. These decisions create a correlation between inputs and ηit. However, the
productivity shock would not necessarily be related to the state variable, hit−1. Thus, as it is explained
15The inclusion of hit−1 in Equation (1.2) is to consider the prior history of parental and school effects. The parameter
estimates require that the effect of factors in the production process decay over time.
9
in Section A.3, input variables should be in general overestimated, and the state variable underestimated.
Self-selection also affects the estimation because for children with larger stocks of education and health,
parents expect better future scores for any level of current productivity, and hence the child will continue in
school.
To eliminate the bias in the estimated coefficients, Olley and Pakes (1996) proposed a method which
consists in using a proxy variable (investment equation) to “back out” ηit, as a function of observable
variables. The problem is that the method needs long panels with observations of investment every period.
Levinsohn and Petrin presented an alternative that is more consistent with my data, using intermediate
inputs to control for endogeneity. The proxy variable should be a factor that indirectly affects the current
PPVT score, but is not part of the Equation (1.2). According to the Young Lives data, I found that the
log of the amount spent on child’s clothing is a good proxy for this analysis: i) families have to spend on
child’s clothing, ii) the data shows observations for all the households in both rounds, and also, iii) the
amount spent reflects a “compensation” for the child’s performance and innate ability. Hence, I can express
the intermediate input, ιit, as a function of the state variables
ιit = fit(hit−1, ηit). (1.3)
Then, the child’s ability will influence his academic performance, and as a consequence, parents will
reward the child spending more on his or her clothes. Independently of the academic performance, parents
have to spend on child’s clothing, but the idea here is that the amount spent can increase when the child’s
performance is satisfactory. Levinsohn and Petrin explain that the function fit(·) can be inverted to obtain
ηit
ηit = f
−1
it (ιit, hit−1). (1.4)
There are two conditions that allow the intermediate input function to invert for ηit: strict monotonicity
(that is, ιit is strictly monotonic in ηit), and scalar unobservable (ηit is the only unobservable in the input
equation). The monotonicity assumption can be invalid if expenses on intermediate inputs depend only on
family income. Table A.4 shows the relation between ιit and the different quartiles of the wealth index.
We observe that wealthier families spend more on children’s clothing. However, the amount spent on
child’s clothing also depends on the child’s past performance (according to the “compensation” assumption
10
I mentioned before). Hence, I verify that assumption with the following regression:
ιit = α1hit−1 + α2Yit + uit.
This regression determines the relation between the log of the amount spent on child’s clothing (ιit) and
the child’s lagged score (hit−1), controlling for the wealth index, Yit. I obtain that α1 is equal to 0.002 (t-
value=5.74) and α2 is equal to 1.217 (t-value=16.35). These results imply that the amount spent on child’s
clothing is not only determined by Yit, but also by the child’s past performance. Hence, the monotonicity
assumption holds. Even though not shown here, similar exercises were performed with other variables
(amount spent on medical visits, amount spent on school tuition, to name a few), but those estimates were
not significant.
The inversion allows us to control for ηit; then we can replace equation (1.4) into equation (1.2), and add
the proxy input ιit into the production function to obtain,
hit = β0 + β1Xit + β2Ψit + β3Yit + β4Sit + β5hit−1 + β6ιit + f−1it (ιit, hit−1) + it.
I define φit(ιit, hit−1) = β0 + β5hit−1 + β6ιit + f−1it (ιit, hit−1), to get:
hit = β1Xit + β2Ψit + β3Yit + β4Sit + φit(ιit, hit−1) + it. (1.5)
With this new specification, what remains is to identify β5, since hit−1 enters into φit(ιit, hit−1). The
LP method relies on the assumption that the expected value of the next period’s productivity can be
written as a function of observables and this period’s productivity. In particular, ηit is a first order Markov:
p(ηit+1|Iit) = p(ηit+1|ηit), where Iit is the parents’ information set in period t (which includes current
and past ηit’s). This assumption implies that parents’ expectations about future productivity depend only
on the current realization of Iit. Then, parents are moving through time, observing ηit at t, and forming
expectations about future ηit using p(ηit+1|ηit), which corresponds to E[ηit+1|Iit] = g(ηit) = E[ηit+1|ηit].
Then, ηit+1 can be estimated using
ηit+1 = g(ηit) + ξit+1. (1.6)
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1.4.2 Stage one
From equation (1.5), I estimate the conditional moments E[hit|ιit, hit−1], E[Xit|ιit, hit−1], E[Ψit|ιit, hit−1],
E[Yit|ιit, hit−1] and E[Sit|ιit, hit−1] with a third order polynomial approximation. Taking expectation of
(1.5), conditional on (ιit, hit−1), we have
E[hit|ιit, hit−1] = β0 + β1E[Xit|ιit, hit−1] + β2E[Ψit|ιit, hit−1] + β3E[Yit|ιit, hit−1] +
+β4E[Sit|ιit, hit−1] + φit(ιit, hit−1) (1.7)
where E[it|ιit, hit−1] = 0; subtracting equation (1.7) from equation (1.5),
hit − E[hit|ιit, hit−1] = β1(Xit − E[Xit|ιit, hit−1]) + β2(Ψit − E[Ψit|ιit, hit−1]) + (1.8)
+β3(Yit − E[Yit|ιit, hit−1]) + β4(Sit − E[Sit|ιit, hit−1]) + it.
To obtain β̂1, β̂2, β̂3 and β̂4, equation (1.8) is estimated using OLS without an intercept.
1.4.3 Stage two
From equation (1.5), and with β̂1, β̂2, β̂3 and β̂4 from the previous stage we have:
hit = β̂1Xit + β̂2Ψit + β̂3Yit + β̂4Sit + β
∗
5hit−1 + β
∗
6 ιit + ηit(ιit, ηit−1) + it. (1.9)
Also, from equation (1.6) and reexpressing equation (1.9), we obtain
hit − β̂1Xit − β̂2Ψit − β̂3Yit − β̂4Sit − β∗5hit−1 − β∗6 ιit − ̂E[ηit|ηit−1]︸ ︷︷ ︸
ηit−ξit
= ̂ξit + it(β∗). (1.10)
The residual ( ̂ξit + it(β∗)) is a function of the parameters β∗ = (β∗5 , β∗6)16. Two moment conditions allow
us to identify β5 and β6. For the first condition, the lag of Height-for-age (represented by X
3
it−1) does not
respond to the innovation in productivity, ηit. The second condition reflects that the last period’s decision
16To estimate E[ηit|ηit−1], compute
Φˆit = δˆ0 + δˆ1Xit−1 + δˆ2ιit + δˆ3X2it−1 + δˆ4ι
2
it
Φˆit−1 = δˆ0 + δˆ1Xit−2 + δˆ2ιit−1 + δˆ3X2it−2 + δˆ4ι
2
it−1.
Then, obtain
ηit(β
∗
5, β
∗
6) = Φˆit − β∗5Xit−1 − β∗6 ιit
ηit−1(β∗5, β
∗
6) = Φˆit−1 − β∗5Xit−2 − β∗6 ιit−1
Finally, regress ηit(β
∗
5, β
∗
6) = ρ0 + ρ1ηit−1(β
∗
5, β
∗
6) + ξit−1.
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about the intermediate input (ιit−1) should be uncorrelated with the innovation in productivity this period.
As in Levinsohn and Petrin, these two moment conditions allow us to estimate β∗5 and β
∗
6, considering
Zit = [X
3
it−1, ιit−1], then
GN (β
∗
5, β
∗
6) =
1
N
1
T
∑
it
[(
ξit + it(β
∗
5, β
∗
6)
)
Zit
]
=
1
N
1
T
∑
it
git(β
∗
5, β
∗
6) (1.11)
minimizing the GMM criterion function,
min
β∗5 ,β
∗
6
GN (β
∗
5, β
∗
6)
′GN (β∗5, β
∗
6).
Deriving an analytic variance-covariance matrix could be feasible but not trivial. Hence, Levinsohn and
Petrin propose to employ bootstrap to estimate the standard errors.
1.5 Results
In this section, I will present the estimation results of the production function using the full sample and both
cohorts to analyze the effect of each factor on cognitive development. Also, the school data will be included
to account for the different school inputs. To validate the proposed method, I present two tests to verify
that the LP approach is better suited for the analysis of the production of cognitive development. Finally,
I will examine how different policies can reduce the gender gap in the PPVT score.
1.5.1 Estimation of the production function
The OLS estimates of the production function (1.2) for the full sample are included in Table 1.1, column
(1). Column (2) presents the results of the LP method, using the log of the total amount of expenditure on
the child’s clothing as the proxy variable that solves the endogeneity problem. The signs and significance
levels of the coefficients obtained with OLS and LP are similar, however, the magnitudes differ. Individual
characteristics are strongly and positively associated with test scores. Older children received better scores,
which can be attributed to the fact that cognitive development is an accumulated process. Child nutrition
plays an important role in a child’s cognitive development.
Home inputs have a moderate contribution in the production of achievement. With the LP method, I
find that urban children receive better scores than rural children. Also, a male-headed household is more
beneficial to cognitive development, even though the estimator is not significant. The age of the mother has
a negative impact on the child’s current period score, although this is not significant for both estimations.
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Table 1.1: Production function of cognitive development, parameter estimates.
Full sample Young cohort Old cohort School
OLS (1) LP (2) OLS (3) LP (4) OLS (5) LP (6) data (7)
Individual characteristics, Xit
Child age in months 0.761*** 0.721*** 0.931*** 0.891*** 0.870*** 0.755*** 0.934***
(0.012) (0.013) (0.038) (0.036) (0.055) (0.057) (0.053)
Male 5.403*** 5.079*** 3.816*** 3.656*** 7.839*** 7.328*** 4.022***
(0.746) (0.737) (0.847) (0.852) (1.404) (1.596) (1.278)
Height-for-age 2.039*** 1.979*** 2.523*** 2.470*** 1.559*** 1.469*** 3.343***
(0.308) (0.337) (0.384) (0.418) (0.503) (0.463) (0.700)
Home inputs, Ψit
Urban 0.603 0.395 0.805 0.813 -1.988 -2.460 3.347
(1.057) (1.142) (1.211) (1.392) (1.982) (1.811) (2.067)
Household size -0.510*** -0.769*** -0.524*** -0.697*** -0.338 -0.623 -0.573
(0.177) (0.205) (0.191) (0.223) (0.374) (0.446) (0.368)
Household head male 1.881 1.719 2.493 2.736 -0.145 0.052 3.084
(1.934) (1.822) (2.599) (2.183) (2.918) (2.630) (3.336)
Mother age in years 0.001 -0.005 0.066 0.050 -0.057 -0.038 0.050
(0.063) (0.066) (0.089) (0.096) (0.092) (0.099) (0.125)
Internet access home 2.963** 2.718** 1.913 1.473 2.724 2.880* 1.536
(1.323) (1.368) (2.179) (2.433) (1.788) (1.680) (4.139)
Socioeconomic factors, Yit
Mother education 1.004*** 0.904*** 1.016*** 0.998*** 0.923*** 0.657*** 0.558***
(0.114) (0.102) (0.127) (0.134) (0.227) (0.207) (0.207)
Father education 0.521*** 0.477*** 0.589*** 0.579*** 0.218 0.183 0.731***
(0.094) (0.088) (0.106) (0.109) (0.182) (0.156) (0.176)
Wealth index 7.287*** 7.066*** 4.396 2.912 14.717*** 16.353*** 7.524
(2.770) (2.607) (3.178) (3.381) (5.191) (4.729) (6.150)
School inputs, Sit
Enrolled 10.702*** 9.518*** 2.665** 2.786*** 21.382*** 18.947***
(0.998) (0.991) (1.307) (1.029) (2.065) (2.320)
Private school 3.625*** 2.124** 1.891 1.430 5.676*** 3.975** 2.291
(1.030) (1.008) (1.214) (1.355) (1.916) (1.855) (2.230)
Other school -5.056* -3.875 -1.274 -1.450 -2.801 -3.542 -5.112
(2.847) (3.056) (3.925) (3.714) (4.218) (4.620) (4.994)
Class size -0.093
(0.067)
Teacher, english knowledge 8.016
(5.416)
Teacher employed on a regular basis -2.395
(1.968)
Teacher years of experience -0.019
(0.065)
Training last academic year -0.722
(1.511)
Teacher salary 0.000
(0.000)
State variable, hit−1 0.174*** 0.298*** 0.085*** 0.206*** 0.304*** 0.659*** 0.251***
(0.013) (0.019) (0.016) (0.038) (0.026) (0.046) (0.055)
R2 0.678 0.381 0.449
Observations 2,605 1,733 872 743
Bootstrapped standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
Parameter estimates of the cognitive production function obtained with the OLS and LP methods for the Full sample, and splitting
between the cohorts. Column (7) includes the school data for the 953 children of the Young cohort surveyed after the round 3,
with 743 no missing observations in the relevant variables.
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This result might be related to the heterogeneity of the full sample, given that it contains children between
7 and 15 years old. When analyzing the relationship between the age of the mother and PPVT, I observe
that children with older mothers show higher PPVT scores. However, when I control for the socioeconomic
status of the household, the coefficient becomes small and statistically insignificant. Household size reduces
the predicted test score. In the whole sample, the average household has more than five members, and we
observe that children who live in households with fewer members have better test scores.
Either method produces significant estimates of the association between socioeconomic status and cog-
nitive development. The educational attainment of the mother seems to be more important than that of the
father’s education. A possible explanation is that educated women are mote likely to have high cognitive
skills than less educated women, and they pass them on to their children. Also, they are more likely to know
parenting skills that result in higher cognitive skills - for example, the importance of talking to children,
reading to them, etc. Hence, they may be more efficient at satisfying their child’s specific needs. This theory
is usually supported by the literature (for instance Holmlund et al. (2011)). The other variable that presents
a positive and strong impact on PPVT is the wealth index. This relation indicates that families that are in
a better condition can spend more on child development with a consequent positive impact on the child’s
score. As the results in column (2) of Table 1.1 indicate, a one-standard deviation increase in the wealth
index represents an increase of 3.3 points in the PPVT. Also, an increase of one-standard deviation in the
mother (father) education is associated with an increase of 4.2 (2.6) in the PPVT. To contrast, Paxson and
Schady found in their research on preschool children in Ecuador that these estimations are 8.5, 3.4 and 1.6
respectively. The difference in these magnitudes might be associated with the age differences of the samples
we considered: while Paxson and Schady focus on children between 3 and 6 years old, our analysis studies
children between 7 and 14 years old. Also, the model presented in this paper considers a wider range of
variables in the production function.
The value added model of achievement relies on the effects of previous scores. In our case, the estimates
obtained are significant and positive. This result indicates that parents that observed high stock of child’s
human capital at the beginning of the period will expect that the current achievement will be higher than
previously observed. Past test scores are relevant determinants of a child’s current performance. These results
support the “self-productivity” effect identified by Heckman and Cunha. The OLS estimate is smaller than
the LP coefficient (further explanation is provided in Section A.3).
Examining the estimated age coefficient, we confirm what we observed in Figures A.3a and A.3b: as the
child grows, test scores improve and the gap between children of the same age increases. To analyze how
different factors affect the PPVT at different ages, I split the sample into the Young and Old cohorts. The
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Young cohort contains 1,733 observations with no missing values in the relevant variables (columns (3) and
(4) of Table 1.1). The Old cohort includes 872 observations (columns (5) and (6)).
Individual characteristics still play a strong role in the production of cognitive development. Nutritional
status has a stronger effect on younger children in light of a significant positive estimate for Height-for-age.
For child’s age, we see that in the Young cohort, the estimate is greater than in the Old cohort, which
indicates that during the first years, the PPVT grows at an increasing rate. Considering the quality of the
environment, we observe that household size presents a negative effect on PPVT for both cohorts. However,
the estimate is significant only for the Young cohort, indicating that younger children are strongly affected
by a crowded environment.
School characteristics are also considered as factors in the production of achievement. Only enrollment
and school type were captured during Rounds 2 and 3 for both cohorts. I include indicators for private and
other types of schools (NGO, subsidized, etc.), using “public school” as a base category. It is observed in the
data that children in private schools perform better than those in public school. In the case of children in
other types of schools (mostly functioning as daycare rather than being institutions of learning), we observe
a worse performance compared to those in the public schools. These estimates are similar to those found in
the literature (for example, Kremer et al. (2005)).
After Round 3 concluded, the Young Lives program collected more in-depth school information for a
subset of children in the Young cohort. I performed the analysis with 743 nonmissing observations to
include more school inputs in the study. Class size and instructor quality were the variables considered.
These factors are optional variables of schools because they are under the immediate control of policymakers
(Hanushek (1986)). The main point is that more prominent school assets ought to have positive consequences
on a child’s scholastic accomplishment. The results using the LP method are included in Table 1.1, column
(7). As class size increases, children’s expected scores fall. Teacher’s characteristics play a moderate role
in the production of cognitive development. School type (private and other) becomes insignificant when I
control for more school inputs.
1.5.2 Specification test for the proxy variable
According to Levinsohn and Petrin, the estimation strategy relies on the monotonicity assumption. This
condition requires that ηit be an increasing function of ιit, conditional on hit−1. In Figures A.5a and A.5b,
I plot the smoothed η-function for the Young and Old cohorts respectively, and check for monotonicity (the
vertical axis indicates the estimated productivity shock). We observe that as ιi,t increases, the productivity
increases for all levels of hit−1. This result confirms what we obtained in Section 1.4.1: that the amount
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spent on a child’s clothing is a good proxy variable.
Another test we can do to verify the validity of the LP method is to check the magnitude of the bias
of the estimates, calculating the difference between the OLS and the LP estimates. In Table A.6, I present
the mean difference between the OLS and LP estimated coefficients calculated for 200 subsamples using
the full sample and cohorts. When the mean is negative, we find that the OLS method underestimates the
coefficient, and there is an overestimation in the opposite case.
We observe that the state variable (hit−1) is underestimated when we use the OLS method. The mean
difference represents almost 40% of the LP estimated coefficient. Also, most of the factors are overestimated.
This result supports the hypothesis that previous shocks affect the current period decision about the inputs
to include in the production of cognitive development (which explains the overestimation of the control
variables). Also, we confirm that the previous shock is not correlated with the state variable (ht−1), which is
underestimated with OLS. Hence, the proxy variable is doing a good job in controlling for the unobservable
transmitted shock.
1.5.3 Female-male analysis
There is a general idea that in India, parents support young boys over young girls. Some contend that this
idea has its foundation on a parental utility function. That is; parents obtain more utility from a boy’s
human capital rather than a girl’s (Behrman (1988)). Others argue that the particular treatment of boys
is predictable with a return-maximization behavior of parents (Rosenzweig and Schultz (1982)). When the
market values more a boy’s human capital than a girl’s, it is rational to invest more resources on boys. To
test both hypotheses, we should have information about employment, participation rate or salary that verify
how intra-household resource allocations affect the cognitive development and employment opportunities of
these subjects. Round 4 of the Young Lives program will follow individuals that at that time will be between
17 and 18 years old. With that information, we could be able to obtain labor market data that allows us to
test the different hypotheses.
What we are able to verify is how intra-household resource allocations affect girls’ and boys’ cognitive
development. Table 1.2 shows the estimation results using the LP method for girls and boys, in the full
sample and also analyzing by cohort.
According to the results, individual characteristics, socioeconomic status and the state variable remain as
the main explanatory factors in the production of PPVT score. In particular, individual characteristics and
the wealth index are the most important variables for boys’ cognitive development. Household characteristics,
as well as mother’s and father’s education, have a considerable weight on girls’ performance.
With the estimates obtained in Table 1.2, it is possible to perform some counterfactual exercises that
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Table 1.2: Production function of cognitive development, parameter estimates for the female-male analysis.
Full sample Young cohort Old cohort
Female (1) Male (2) Female (3) Male (4) Female (5) Male (6)
Individual characteristics, Xit
Child age in months 0.700*** 0.744*** 0.781*** 0.986*** 0.632*** 0.872***
(0.016) (0.021) (0.056) (0.067) (0.081) (0.084)
Height-for-age 1.897*** 2.014*** 2.364*** 2.630*** 1.343** 1.641**
(0.478) (0.447) (0.734) (0.602) (0.610) (0.688)
Home inputs, Ψit
Urban 0.928 0.428 1.696 0.422 -1.357 -1.832
(1.693) (1.617) (2.049) (1.918) (2.674) (2.569)
Household size -0.666** -0.840*** -0.521* -0.815*** -0.899* -0.202
(0.280) (0.267) (0.306) (0.313) (0.543) (0.648)
Household head male 2.835 0.342 4.704 1.091 1.302 -2.067
(2.906) (2.428) (3.119) (3.466) (4.216) (4.146)
Mother age in years 0.020 -0.062 0.066 0.028 0.007 -0.175
(0.093) (0.099) (0.118) (0.134) (0.133) (0.145)
Internet access home 1.837 2.799 -3.973 6.151* 3.836 1.854
(2.079) (2.147) (4.201) (3.439) (2.357) (2.644)
Socioeconomic factors, Yit
Mother education 1.119*** 0.714*** 1.230*** 0.789*** 0.894*** 0.369
(0.158) (0.181) (0.182) (0.220) (0.296) (0.298)
Father education 0.510*** 0.477*** 0.568*** 0.628*** 0.217 0.181
(0.125) (0.141) (0.134) (0.183) (0.235) (0.276)
Wealth index 6.596 6.780* 0.596 5.004 16.437** 12.526*
(4.208) (3.642) (4.542) (5.056) (7.020) (6.940)
School inputs, Sit
Enrolled 8.947*** 9.881*** 2.911* 2.780* 17.558*** 20.895***
(1.339) (1.504) (1.542) (1.650) (3.006) (3.811)
Private school 0.105 3.285** -1.407 3.205* 3.713 3.725
(1.529) (1.501) (1.862) (1.938) (2.737) (2.429)
Other school -5.637 -2.249 -0.544 -1.978 -8.643 0.839
(4.847) (4.096) (4.967) (5.862) (7.316) (5.771)
State variable, hit−1 0.253*** 0.337*** 0.168*** 0.230*** 0.564*** 0.739***
(0.026) (0.025) (0.047) (0.051) (0.071) (0.065)
Observations 1,237 1,368 796 937 441 431
Bootstrapped standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
Parameter estimates of the cognitive production function for females and males obtained with the LP method for the Full
sample, and splitting between the cohorts.
allow the policy maker to evaluate interventions that reduce the gender gap on PPVT score. Table 1.3 shows
the actual gender gap in PPVT (column 1), and the gap predicted by the application of the LP method.
Also, I show the results of the counterfactual exercises in the following columns of the same Table. For
instance, I appraise the extent of the gap if disadvantaged female children’ factors were set to the average
observed level in male children. For example, column 3 shows the new gap that will be obtained if girls
acquire the boys’ average nutrition level. I also examine the impact of targeting at mother’s education
(column 4), father’s education (column 5), wealth index (column 6) and enrollment (column 7). In column 8
I consider a policy that sets class size, as well as teacher employment, experience, salary, English knowledge
and training, at the male children’s average level.
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In the full sample, there is a gap of 7.46 points on PPVT score. Improving the family’s socioeconomic
status can reduce the gap between 7 and 30% (row 1). I use parents’ education and the wealth index as
measures of socioeconomic status. Splitting the sample by cohort allows us to understand the effect of similar
policies on children that are 7-8 years old (Young cohort, row 2) and 14-15 years old (Old cohort, row 4).
The effect of socioeconomic variables increases with the child’s age and it’s reflected in the PPVT score gap.
In the Old cohort, the gap is almost four times bigger than in the Young cohort. At early stages of life,
children benefit more from policies that improve their nutritional condition and parents’ education. Most
of the child development can be “produced” at home when children are 7-8 years old. Policies that improve
parents’ socioeconomic status or promote school enrollment for children between 14 and 15 years old are
effective. In row 3, I present the results of the analysis for children in the Young cohort with the school data.
Enrollment is not a valid policy at this stage, because interviewed children were already enrolled at school.
Including school factors doesn’t change the main findings: young children should receive interventions that
improve their nutrition or promote parents’ education. An intervention that focuses on school inputs will
reduce the gender gap in PPVT score from 4.62 to 4.31. However, improving mother (father) education,
will reduce the gap to 2.84 (2.94).
It should be considered that to improve children’s cognitive development at early stages of life, it would
be necessary to apply nutritional or parents’ education interventions. However, if there is a delay in the
application of the policies, and the children get older, the interventions should focus on the improvement of
the child’s socioeconomic factors.
1.6 Conclusion
This paper presents evidence of the importance of the socioeconomic factors for child cognitive development
in India by estimating a production function of cognitive achievement for children in different age cohorts (7-8
and 14-15). In order to estimate the production function, the value-added approach using the lagged cognitive
achievement in the production function is adopted. An endogeneity problem in estimating the production
function arises since it might be that parents who observe a large positive productivity shock in the child
ability, might also invest more in that child. In order to eliminate the bias in the estimation of the production
function, the paper adopts the intermediate input approach proposed by Levinsohn and Petrin (2003) using
expenditure on clothing as a proxy input. The most important finding is that household socioeconomic
characteristics strongly influence children’s cognitive development. Nutrition, household quality, and school
inputs also contribute to the child’s cognitive development but to a lesser extent.
With this approach, I extend the recent literature on the impact of socioeconomic factors on child
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development to India. Furthermore, I consider the child development as a cumulative process and apply the
methodology of the industrial organization literature to labour economics by using a method which has the
potential of eliminating the bias in estimating the child quality production function.
Counterfactual exercises show that policy interventions should focus on parenting or nutritional status
for children that are between 7 and 8 years old. At this age, interventions on parents’ education might be
more effective than interventions on children’s nutrition. The former policy agrees with the results found
by Grantham-McGregor et al. and Powell et al. When the target group is represented by children between
14 and 15 years old, the policy maker should consider interventions that focus on socioeconomic status
and school enrollment. These implications are not positive given that it is difficult for the policy maker to
improve socioeconomic variables in the short term.
With the following round 4 of the Young Lives data set, the model can easily be extended to verify how
intra-household resources allocations affect the children’s cognitive development. The following step could
be the verification of these findings through a natural or controlled experiment. For example, a Conditional
Cash Transfer program might offer similar results to a policy that promotes parents’ education.
The question about the timing of the interventions still needs more research. A policy that reduces
children stunting could be more beneficial in the long run than an intervention that boosts school enrollment
for older children. The implications of both policies and the cost-benefit analysis will be entirely different.
As Heckman and Cunha express in their work, the longer the society delays the intervention, the more costly
those policies could be.
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Chapter 2
Household choices in fragile families
and their effects on children’s
cognitive and non-cognitive skills
2.1 Introduction
According to Becker and Tomes (1986), parents are utility-maximizing agents who are concerned about the
welfare of their children. They make labor supply decisions to provide resources to the household and invest
in child development. They also decide the amount of time to dedicate to child care, which contributes to the
development process of their children. The time they spend taking care of their children and the investments
on physical goods are inputs in the production of a child’s ability (Todd and Wolpin, 2003). Among these
factors, parental care is a critical input in the child’s development (Cunha et al., 2006). As reported by
Almond and Currie (2011), parents’ absence due to their participation in the labor market raises concerns
about the effects on children’s skills. In disadvantaged households, parents’ economic resources and available
time to spend with their children can be limited. Therefore, they are more likely to choose external sources
of child care (either paid or unpaid), which might affect their children’s cognitive and socio-emotional skills
with a consequent impact on the total household’s utility.
I focus on mothers in disadvantaged households to assess how their labor and child-care choices affect their
children’s cognitive and socio-emotional outputs. Mothers make sequential decisions of their labor supply,
time allocation, and non-parental child care based on their preferences, and time and budget constraints.
I use data from the Fragile Families and Child Wellbeing Study (FFCWS), which consists of a sample of
unwed new-parents which followed their children from birth to age five in the U.S. The data set contains
information about parents’ time allocation and child-care choices but at a few points in time. Because of this
limitation, I apply the structural model proposed by Del Boca et al. (2014) to simulate paths of exogenous
and endogenous variables over the child’s entire development process to fill-in the gaps in the data. This
structural model accounts for different sources of endogeneity by modeling the mother’s decision-making
process simultaneously when presented with different child-care choices. It also allows for heterogeneity by
including productivity parameters that depend on the household characteristics and mothers’ education.
This study contributes to the literature by proposing a structural model that includes a wide set of
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child-care options to simultaneously estimate the effects of these choices on both the child’s cognitive and
socio-emotional skills given the household’s preferences and time and budget constraints. Because of data
limitations, the proposed structural model is also justified by the impossibility of applying reduced form
strategies. For instance, it would be difficult to find an instrument for each of the child care options included
in the model. Finally, this structural model allows to determine the productivity of physical and child care
investment on the child’s ability, and the crossed productivities between the cognitive and socio-emotional
measures of skill.
Even though I consider a series of simplifying assumptions that allow us to decrease computational
burden, the model fits well and yields close estimates of the simulated variables. I found that maternal time
strengthens the production of a child’s ability during the first five years of the development process but at
a decreasing rate. The mother’s education is other important factor in the development of cognitive and
socio-emotional skills because it enhances the productivity of maternal care. Other factors that positively
contribute to the productivity of the inputs are the presence of the father in the household and the number
of siblings. The results indicate that the informal option of child care has the lowest productivity, and both
investment in physical goods and formal child care positively enhance child development at an increasing
rate.
Because formal child care includes options that vary in quality, I extend the original model to also
evaluate the contributions of the different options of institutional child care. For example, I observe that
Head-Start enhances the children’s cognitive ability, with stronger effects than daycare at the age of four,
and similar results with kindergarten at the age of five. These conclusions also apply to the socio-emotional
measure of ability, but with smaller magnitudes.
The estimated parameters allow me to perform counterfactual exercises and evaluate different policy
recommendations. I analyze the effect of cash transfers and subsidies on the child development. The
results demonstrate that unconditional transfers do not offer significant impact on the average cognitive
skill of children, though they provide stronger results on the socio-emotional measure. However, a child-
development subsidy offered to mothers who send their children to an institutional child-care facility for
forty hours per week starting at the age of three has a considerable positive impact on child development.
The impacts of this policy on non-cognitive measure is modest.
The rest of this paper is organized as follows. Section 2.2 describes the most recent literature that analyzes
structural models of child development. Section 2.3 presents the main details of the theoretical model.
Section 2.4 examines the main characteristics of the data set. Section 2.5 provides the empirical strategy.
Section 2.6 offers the estimation results of the single-mother model. Section 2.7 exhibits counterfactual
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exercises to study possible policy recommendations. Section 2.8 performs a robustness check. Section 2.9
concludes.
2.2 Literature review
The childhood development literature analyzes children’s cognitive and socio-emotional development as well
as their physical well-being. Numerous studies examine the effects of nutritional conditions, socioeconomic
status, and parenting on child development.1 The time that parents spend with their children constitutes a
critical determinant in the production of child development (Cunha et al., 2006).
One potential factor that influences the time that parents spend with their children is household structure.
During the last forty years, we have observed an increasing trend in the number of births in single-mother
households, with high percentages in the black and Hispanic populations (see fig. 2.1).
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Figure 2.1: Evolution of unmarried births as a percent of all births, by ethnicity.
Source: own calculation with data from National Center for Health Statistics. Vital Statistics of the United States, 2003,
Volume I, Natality.
Household structure affects parents’ child care choices because it affects the amount of available economic
and caregiving support (Markowitz et al., 2014). A mother living with the child’s biological father will most
easily arrange work and caregiving to fill in necessary gaps. Both parents will have more available resources
and time to dedicate to their children. When the mother is living with her extended family, she may be
more likely to ask her relatives to take care of the child. The time that relatives spend with the child will be
convenient, flexible, and inexpensive for the mother. By contrast, if a mother lives alone, she may be more
1For further references, see Blau (1999), and Berger et al. (2009).
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likely to choose paid child care because parental care may be inconvenient or unavailable. Single mothers
will have fewer economic resources,2 and less access to quality child care. Therefore, they may rely on care
from relatives or friends who might be less educated and thus less likely to provide educationally rich settings
to young children (Goelman and Pence, 1987).
Moreover, mothers’ participation in the labor market raises concerns about their child-care arrangements
and the effects on their children’s cognitive development (Almond and Currie, 2011). For instance, Bianchi
(2000) shows that between 1978 and 1998, the total average of working hours of married women with children
under 6 increased from 583 to 1,094.3 The author also reports that, according to the current population
surveys (CPS) of the years 1965 and 1994, the use of center care as the primary child-care arrangement
increased from 7.9 to 51.7 percent for mothers in the labor force and from 4.8 to 44 percent for mothers not
in the labor force.
The effects of maternal employment and child care on child development has been extensively studied in
the literature, especially in disadvantaged households (see Currie, 2001 and Blau and Currie, 2006). Because
of the endogeneity of child care and child outcomes, numerous studies employ regression with covariates,
fixed effects models, or instrumental variables approaches to avoid biased estimates. Most of the studies find
a negative association between maternal employment during the first years of life and children’s outcomes,
and also by the substitution of maternal care for low-quality child care. For instance, Bernal and Keane
(2011) exploit the exogenous variation in welfare policy rules facing single mothers. They use welfare policy
variables as instruments to estimate a child’s cognitive ability production function. They estimate that a
year of child care reduces child test scores by 2.1 percent.4
Economic factors affect parents’ available time they dedicate to their children and, as a consequence,
their children’s skills (Blau, 1999). Previous studies focused attention on estimating a child’s technology
of skill formation without modeling parent’s preferences or budget constraints. This literature is based on
Todd and Wolpin (2003). They describe how to specify and estimate a production function of cognitive
development, recognizing child development as a cumulative process. Similarly, Cunha and Heckman (2008)
and Cunha et al. (2010) estimate models of the evolution of cognitive and non-cognitive skills to explore the
impact of the household environment and investments on the child’s ability during their life cycle. They find
that, in disadvantaged households, it is optimal to invest more in the early stages of childhood than in the
later stages.
2According to the U.S. Census Bureau, in 2012 the poverty rates for children living in single-mother and nuclear-family
households were 47.2% and 11.1%, respectively (Haskins, 2015).
3Table 1 in the on-line appendix includes the evolution in the employment trends for women between 1978 and 1998. Also,
table 2 presents the main characteristics of the working women.
4Del Boca (2015a) provides an extensive literature review of the parents’ child care arrangements in Europe and the Americas.
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Building on these previous studies, formal structural models of parental investment incorporate the
production function of skill formation into a household maximization problem. They include investment in
goods and time as factors that stimulate the production function of the child’s ability.
Bernal (2008) is one of the first studies that evaluates the impact of both maternal employment and
non-parental child care on child outcomes by applying a structural approach. Using data from the National
Longitudinal Survey of Youth, the author finds that mothers who works full-time and uses child care during
one year see an average reduction in their child’s test scores by 1.8 percent. Similarly, Del Boca et al. (2014)
use the Panel Study of Income Dynamics and Child Development Supplement to estimate a Cobb-Douglas
production function of cognitive skills. Parents make labor supply decisions and provide time and money
inputs into their children’s quality production function. Results show that parents’ time inputs enhance the
cognitive development of young children, but at a decreasing rate.
The model that I propose follows the strategy developed by Del Boca et al. (2014). Moreover, based
on the work of Del Boca (2015b), I propose a model that includes parental time, physical goods, and
different sources of child care as inputs in the production function of cognitive and socio-emotional skills
to simultaneously analyze the effects of mothers’ decisions on their children’s skills. Some assumptions
are considered in order to reduce the computational burden and ease interpretation of the results. I also
explore the benefits of including several institutional child-care options such as daycare, Head-Start, and
kindergarten.
2.3 Model
The model follows the framework proposed by Becker and Tomes (1986) and Ribar (1992), with the empirical
application developed by Del Boca et al. (2014). Household preferences are described by a mother’s utility
function, with the cognitive and socio-emotional abilities of her child as factors, and subject to the child’s
technologies of skill formation as well as budget and time constraints.
2.3.1 Timing and household preferences
The model begins at the birth of the child. A mother makes sequential decisions during her child’s develop-
ment, with t being the child’s age. The mother invests in child quality from the first period, t = 1, through
the last development period, T . At the terminal point, the child starts a next development stage - that is,
primary school. I will not include additional model decisions beyond that point. The focus is on the child’s
experience prior to the terminal period.
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Each period, the mother decides the amount of time she dedicates in the labor market (ht), the hours she
will take care of her child (τt), the investment on physical goods that contribute to her child’s development
process (xt), and the total hours per week her child will be in an informal and institutional child care, pit
and νt, respectively, to maximize her expected lifetime utility. The total household’s utility depends on the
mother’s leisure time (lt), the total household consumption (ct), and the child’s cognitive and socio-emotional
skills, kCt and k
S
t , respectively. Hence, at time t, the total Cobb-Douglas utility function of the household
can be represented as
u(lt, ct, k
C
t , k
S
t ) = αl ln lt + αc ln ct + αC ln k
C
t + αS ln k
S
t . (2.1)
The time that the mother spends with her child comprises a type of investment in the child; no direct
utility is derived from this decision. The parameters α = [αl, αc, αC , αS ]
′ define the elasticities of the factors
in the utility function.
The mother decides how to allocate the total household income (Yt, which is the aggregation of the labor
income, wtht, and the exogenous transfer, Qt) into consumption and investment in her child’s development.
Investment refers to the different child-care arrangements and physical goods that contribute to her child’s
development process. As described in the data section, the formal child care option (νt) includes formal
institutions such as daycare, Head-Start, or kindergarten. This option has a cost of pν per hour. This price
remains constant during the period of analysis and does not depend on the quality of care. The informal
child care option (pit) stands for the amount of time that the child spends with a non-resident relative or
a mother’s friend. This type of child care has an hourly cost of ppi that regards transportation cost or a
compensation to the provider of the service. Because the model focuses on mothers with low levels of income
there is no borrowing or savings that can affect the household’s decisions.5 Then, the total budget constraint
is represented by
wtht +Qt = ct + xt + pννt + ppipit. (2.2)
The non-labor income variable tries to capture that in disadvantaged households, government support is
an important factor in their budget constraint. This source of income also includes financial assistance from
the father that is the result of mutual agreements, such as child support. The hourly wage and non-labor
income variables are exogenous in the model.
The mother has a total time endowment (Γm) of 112 hours per week. Each period, she can allocate her
5Caucutt and Lochner (2012) analyze the effect of family borrowing constraints in determining human capital investments
in children. They obtain that borrowing constraints bind for at least some families with young children.
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time endowment across three choices: leisure, time to take care her child, and time to work in the labor
market. Then, her time constraint can be represented by
Γm = lt + ht + τt. (2.3)
Since young children have to be looked after all the time, there is also a child’s time constraint. The
child’s time endowment (Γc) can be fulfilled with the mother’s time, the formal child care, or with informal
care. Following the results of Iglowstein et al. (2003), the average night time sleep duration for children
below five year old is approximately 11.5 hours per week. Then, I assume that an average child below five
would require 87.5 hours per week of direct care. Hence, the child’s time constraint can be represented by
the following equation,
Γc = τt + νt + pit. (2.4)
The model does not rule out the presence of the father in the household. As it will be discussed throughout
the paper, the father can provide child support to the household, hours of child care (included in the informal
option of care), and contribute to the child development process by affecting the productivity parameters of
the cognitive and socio-emotional measures of skill.
2.3.2 Technology of skill formation
In this paper I identify and estimate the production functions of child’s cognitive and socio-emotional skills.
Each function depends on the hours of maternal care, the parents’ investment in their child (including the
formal and informal options of child care, and investment in physical goods), and on the child’s previous
levels of skills. Then, at age t, the child’s outputs are produced according to the following Cobb-Douglas
production functions
kCt+1 = (τt)
δτt (xt)
δxt (νt)
δνt (pit)
δpit (kCt )
δCt (kSt )
δSt , (2.5)
kSt+1 = (τt)
φτt (xt)
φxt (νt)
φνt (pit)
φpit (kSt )
φSt (kCt )
φCt . (2.6)
The productivity parameters, δt = [δ
τ
t , δ
ν
t , δ
pi
t , δ
x
t , δ
C
t , δ
S
t ]
′ and φt = [φτt , φ
ν
t , φ
pi
t , φ
x
t , φ
S
t , φ
C
t ]
′, vary through
time according to the age of the child.6 While the parameters δτt , δ
ν
t , and δ
pi
t (φ
τ
t , φ
ν
t , and φ
pi
t ) represent
6This characteristic reflects that the marginal productivity of factors is not constant across time. A factor can be more
productive in the child’s ability at a particular stage of the development process (Heckman and Masterov, 2007b; Cunha et al.,
2010).
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the marginal productivity of the different child care arrangements on the child’s cognitive (socio-emotional)
skill, the parameter δxt (φ
x
t ) determines the productivity of physical goods on the child’s cognitive (socio-
emotional) ability. Finally, the previous level of cognitive and socio-emotional skills contribute to the current
production of these traits through the parameters δCt , δ
S
t , φ
S
t , and φ
C
t .
This model follows the strategy proposed by Ribar (1992) to include hours of formal and informal child
care in both the production function of skills and in the budget constraint. This approach helps to avoid
degenerate solutions, that is, single mothers might use an infinite amount of child care (see also Lokshin,
2004). In our model, we estimate positive values for both prices. In particular, pν represents a shadow price
that captures the effects of the indirect costs of non-market care. Prices of formal and informal child care
are estimated because of data limitations, that is, we cannot consider a particular data generation process
to simulate the prices in the model.
2.3.3 Dynamic programming problem
According to the current levels of child quality, wage offers, and the exogenous transfer, the household solves
the following Bellman equation:
Vt(k
C
t , k
S
t , wt, Qt) = max
ht,xt,pit,νt
{
αl ln lt + αc ln ct + αC ln k
C
t + αS ln k
S
t +
+βEtVt+1(kCt+1, kSt+1, wt+1, Qt+1)
}
s.t. (2.7)
Γm = lt + ht + τt
Γc = τt + νt + pit
wtht +Qt = ct + xt + pννt + ppipit
kCt+1 = (τt)
δτt (xt)
δxt (νt)
δνt (pit)
δpit (kCt )
δCt (kSt )
δSt
kSt+1 = (τt)
φτt (xt)
φxt (νt)
φνt (pit)
φpit (kSt )
φSt (kCt )
φCt .
The mothers optimally decide their labor supply and child-care choices in order to maximize their ex-
pected discounted household utility over the development stage. The conditional expectation operator (Et)
at time t is taken with respect to the random variables that appear at time t + 1. These variables are the
mother’s accepted wages (wt+1) and the non-labor income (Qt+1). The state variables at t = 1 are k
C
1 , k
S
1 ,
w1, and Q1.
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2.3.4 Terminal condition and optimal solutions
The solution of the model will be represented by the sequence Υ∗t =
{
h∗t , l
∗
t , τ
∗
t , ν
∗
t , pi
∗
t , c
∗
t , x
∗
t , k
C
t
∗
, kSt
∗}T
t=1
.
As this model involves a dynamic programming problem with a terminal condition, the optimal solutions
can be obtained by the application of backward induction. At time T , the Bellman equation is represented
by the following expression:
VT (k
C
T , k
S
T , wT , QT ) = max
hT ,xT ,piT ,νT
αl ln lT + αc ln cT + αC ln k
C
T + (2.8)
+αS ln k
S
T + βET
[
αl ln lT+1 + αc ln cT+1 +
+ψ
(
αC ln k
C
T+1 + αS ln k
S
T+1
)
+ βET+1V˜T+2
]
As described in the Appendix B.1.1, I replace the time and budget constraints, and the production
functions of skills in the previous expression. Then, I compute the optimal solutions of hT , νT , piT , and xT .
Finally, we obtain the optimal solutions for leisure, maternal care time, and consumption for the same period
by replacing the previous solutions into the time and budget constraints. Having obtained the solutions for
the period T , we can apply the same strategy for the remaining periods, t = T − 1, ..., 1.
For any period t, the optimal solutions of ht and xt conditional on νt and pit, are the following
h∗t =
αcwt
(
Γm − Γc + νt + pit
)− αl(1− λxt )(Qt − ppipit − pννt)
wt
(
αl(1− λxt ) + αc
) (2.9)
x∗t = λ
x
t αc
[
wt
(
Γm − Γc + νt + pit
)
+
(
Qt − ppipit − pννt
)
αl(1− λxt ) + αc
]
(2.10)
The term λxt =
β
(
ωCt+1δ
x
t +ω
S
t+1φ
x
t
)
αc+β
(
ωCt+1δ
x
t +ω
S
t+1φ
x
t
) depends on the sequences ωCt and ωSt . These sequences represent
the mother’s marginal utilities from her child’s future development. For any skill j ∈ {C, S}, ωjt is obtained
as follows,
∂VT+1
∂ ln kjT+1
= ψαj = ω
j
T+1
∂VT
∂ ln kjT
= αj + β
∂VT+1
∂ ln kjT+1
∂ ln kjT+1
∂ ln kjT
= αj + βδ
j
Tω
j
T+1 = ω
j
T
· · ·
∂Vt
∂ ln kjt
= αj + βδ
j
t
∂Vt+1
∂ ln kjt+1
= αj + βδ
j
tω
j
t+1 = ω
j
t
· · ·
∂V1
∂ ln kj1
= αj + βδ
j
1
∂V2
∂ ln kj2
= αj + βδ
j
1ω
j
2 = ω
j
1
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The optimal amounts of the formal and informal options of child care are obtained by solving numerically
the following system of non-linear equations:
αl(1− λxt ) + αc
(1− λxt )
[
wt
(
Γm − Γc + νt + pit
)
+Qt − ppipit − pννt
] (wt − pν) +
+β
(
ωCt+1δ
ν
t + ω
S
t+1φ
ν
t
νt
− ω
C
t+1δ
τ
t + ω
S
t+1φ
τ
t
Γc − νt − pit
)
= 0 (2.11)
αl(1− λxt ) + αc
(1− λxt )
[
wt
(
Γm − Γc + νt + pit
)
+Qt − ppipit − pννt
] (wt − ppi) +
+β
(
ωCt+1δ
pi
t + ω
S
t+1φ
pi
t
pit
− ω
C
t+1δ
τ
t + ω
S
t+1φ
τ
t
Γc − νt − pit
)
= 0 (2.12)
τ∗t , l
∗
t , and c
∗
t , can be obtained by replacing h
∗
t , x
∗
t , ν
∗
t , pi
∗
t into (2.2), (2.3), and (2.4).
Because of the adopted functional forms of child’s ability, τ∗t , ν
∗
t and pi
∗
t are restricted to positive numbers.
The optimal choices of child care and investment decisions will allow us to determine the levels of cognitive
and socio-emotional skills according to the expressions (2.5) and (2.6).
Each period, the vector of endogenous variables Υ∗t depends on the parameters Λt = [α, β, ψ, δt,φt]
′,
prices P = [pν , ppi]
′, and exogenous variables Φt = [wt, Qt]′.
2.4 Data
I estimate the model with data from the FFCWS. It follows a cohort of unwed new parents and their children
to provide information about their conditions, capabilities, and well-being. The baseline was conducted
between 1998 and 2000 to approximately 4,900 children born in large U.S. cities. They interviewed mothers
and fathers at the hospitals after the birth of their children. Parents were re-interviewed when their babies
were one (round one), three (round two), and five years old (round three). Given the characteristics of the
dataset, households in the sample are likely to have low-income and parents with low levels of education.
According to the full sample, 39.69 percent of the mothers have less than a high school education. Moreover,
25.28 percent completed only high school, 24.30 percent obtained a college degree, and 10.71 percent received
graduate education. In this dataset, half of the mothers initially sampled are African American, and more
than one-fourth are Hispanic.
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2.4.1 Outcome variables
Many articles describe the importance of cognitive skills in producing social and economic success.7 Heckman
et al. (2006) emphasize the parallel importance of non-cognitive ability in future educational and labor market
outcomes. I use the children’s PPVT score, a test of receptive vocabulary (Dunn et al., 1997), as the measure
of the child’s cognitive skill. During the test, the child has to identify, for each of 204 items grouped into
17 sets of 12 items each, the picture that best describes the noun or the verb spoken by the examiner.
The FFCWS interviewed 2,471 and 2,324 children during the 36- and 60-month in-home questionnaires,
respectively. However, only 1,803 children took the test on both rounds. The scores are standardized for
each age group, which allows for comparisons of test scores across age groups.
Because non-cognitive skills cover different dimensions of physical health, social, and emotional behaviors,
I focus on children’s behavioral problems measured by the Child Behavioral Checklist (Achenbach and
Rescorla, 2000). This test evaluates maladaptive behavioral and emotional problems. It consists of three-
point Likert-scale items in which mothers report whether a series of characterizations of their children’s
behaviors are not true (0), sometimes or somewhat true (1), or often or very true (2). The CBCL covers
two dimensions of analysis: externalizing and internalizing problems. “Externalizing” problems refers to
the child’s aggressive and rule-breaking behavior.“Internalizing” problems correspond with the child’s scores
on the items that measure anxious/depressive and withdrawn behavior. Items are summed to form the
externalizing and internalizing indexes, and the aggression of these two dimensions form the CBCL. The
scales are normalized so that higher numbers correspond to more socially desirable behavior.
2.4.2 Input variables
In the 36- and 60-month in-home Longitudinal Study of Pre-School Aged Children questionnaire of the
FFCWS, the examiner asked the child’s parents the type and total time of the current child care arrange-
ments.8 A detailed disaggregation of the different options allows me to construct the two external sources:
informal and institutional child care.
I define institutional child care as a variable that reflects the total hours per week that the child spends
at different paid and formal child-care options. At round two it includes daycare, while at round three it
also consists of the time the child spends in preschool institutions such as Head-Start and kindergarten.
7For instance, Cawley et al. (2001) provide an analytic summary of evidence. Moreover, Herrnstein and Murray (1994)
describe how cognitive ability can predict a range of social behaviors.
8The child care options included at the age of three are: father’s partner or girlfriend, child’s sibling, child’s maternal
grandparent, relative on mother’s side, child’s paternal grandparent, relative on father’s side, mother’s partner, father’s partner’s
relative, non-relative/family child care, day care center, and head start/early head start. At the age of five the survey also
includes Pre-school, Pre-K, and Kindergarten.
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Daycares are paid care institutions that provide supervision, protection, and safety to children. State
legislation specifies the starting age as well as the minimum and maximum number of hours a child may
attend. This paid care option offers developmental learning opportunities that contribute to the cognitive,
physical, emotional, and social aspects of child development. Head-Start is a preschool program aimed to
help three- and four-year-old disadvantaged children to improve their cognitive skills. This program began
in 1965 as part of the “War on Poverty” program (Blau and Currie, 2006). Kindergarten is a care option
for five-year-old children which can be part of a public or private school system.
The informal care covers the total hours per week the child is being taken care of by the non-resident
father, siblings, maternal grandparents, paternal grandparents, other relatives, and parents’ friends. With
the time constraints can compute the total maternal time per week (from equation 2.4) and the mother’s
leisure time (using equation 2.3).
2.4.3 Additional control variables
The exogenous transfer is obtained by adding government assistance programs received by the mother,
such as income assistance (e.g., unemployment insurance, workers’ compensation, SSI). It also consists of
the Temporary Assistance for Needy Families program (TANF), which mandates that mothers meet work
requirements to receive benefits and limits lifetime welfare benefits to a maximum of five years. Finally, it
includes the Supplemental Nutritional Assistance Program (SNAP, commonly referred as food stamps) and
the Earned Income Tax Credit (EITC).
The FFCWS also provides information of working hours per week, total earnings per week, parents’ age,
child’s gender, number of children in the household, and parents’ education. These variables will be used as
other control in the estimation of the model.
From the 1,803 children with cognitive measure of skills, I eliminate 87 observations because of the lack
of data on mother’s wages and marital status. Table 2.1 contains the summary statistics of the final sample,
with the main characteristics of the mothers, children, and different time allocations by round. The mothers’
ethnical distribution is the following: 20.05% are white, 53.61% are black, 23.19% are hispanic, and 2.91%
correspond to other ethnicities. In our final sample, 33.68% of the mothers have primary education, 32.10%
completed high-school, 24.70% finished college, and 9.40% obtained a graduate degree. These low levels of
education lead to a low levels of annual income: during the entire period, the average household income is
equal to $32,565.65.
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Table 2.1: Summary statistics
t = 1 t = 3 t = 5
Mean SD Mean SD Mean SD
Outcome variables (scores):
Standardized PPVT (kCt ) NA NA 86.60 16.51 93.70 15.66
Socio-emotional (kSt ) NA NA 65.99 15.45 89.58 15.36
Externalizing NA NA 30.07 7.80 48.72 10.73
Internalizing NA NA 38.18 5.90 41.27 5.38
Input variables (hours per week):
Maternal care (τt) NA NA 51.13 30.89 48.67 24.86
Formal care (νt) NA NA 13.47 22.59 27.07 20.96
Daycare (νDt ) NA NA 13.47 22.59 4.43 12.52
Head-Start (νHt ) NA NA NA NA 14.66 20.74
Kindergarten (νKt ) NA NA NA NA 7.97 14.30
Informal care (pit) NA NA 23.41 27.74 12.91 22.04
Control variables:
Mother’s age 26.12 5.91 27.78 5.91 29.91 5.91
Annual HH income/$1,000 29.89 33.64 32.83 35.22 34.94 38.89
Weekly non-labour income (Qt) 70.75 103.31 87.88 123.67 97.82 138.45
Leisure (lt), hours per week NA NA 30.31 27.17 30.82 26.76
Working (ht), hours per week 32.73 14.65 34.91 13.10 35.65 13.59
Nuclear families (% of the whole sample) 26.74 44.20 28.49 45.15 28.72 45.26
Number of children in the household 2.06 1.26 2.28 1.32 2.48 1.35
Total number of observations: 1,716
Notes:
(a) Own calculations using data from the FFCWS. The table includes the means and standard deviations of the main variables
included in the model.
(b) The Head-Start and kindergarten options of formal child care are only available at the age of five. All the other outcome
and input variables are available at the ages of three and five.
(c) The total hours per week of maternal care is obtained from expression (2.4), and the total hours of leisure time is computed
from equation (2.3).
(d) The variable “Socio-emotional” is obtained from the aggregation of reverse scores of the Externalizing and Internalizing
measures.
(e) NA: data not available.
2.5 Econometric strategy
2.5.1 Description of the DGP
In this section, I describe the Data Generation Process (DGP) of the parameters and exogenous variables
included in solutions of the endogenous variables following the approach proposed by Del Boca et al. (2014).
The primitive parameters that form the vectors Λt and Φt are generated according to the following assump-
tions.
Household preference parameters (α) are assumed to be fixed over time but different across households,
with αj ∈ (0, 1), and αl + αc + αC + αS = 1. These parameters depend on a vector ζ ∼ N (µζ ,Σ∗ζ), such
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that
ζ =

ζl
ζc
ζC
 ,µζ =

µζl
µζc
µζC
 , and Σ∗ζ =

σ2ζl σζl,ζc σζl,ζC
σζc,ζl σ
2
ζc
σζc,ζC
σζC ,ζl σζC ,ζc σ
2
ζC
 .
According to these definitions, the household’s preferences are obtained as follow:

αl
αc
αC
αS

=

exp(ζl)/[1 + exp(ζl) + exp(ζc) + exp(ζC)]
exp(ζc)/[1 + exp(ζl) + exp(ζc) + exp(ζC)]
exp(ζC)/[1 + exp(ζl) + exp(ζc) + exp(ζC)]
1/[1 + exp(ζl) + exp(ζc) + exp(ζC)]

(2.13)
The primitive parameters to estimate are µζ and Σζ (the vectorization of Σ
∗
ζ).
The productivity parameters (δt and φt) vary over time and across households. The input-specific pro-
ductivity of the maternal time allows for heterogeneous parameters that depend on the mother’s education.
More specifically, the productivity of the maternal time for cognitive and socio-emotional skills are defined
as follows
δτt = exp(γ
τ
0 + γ
τ
1Em + γτ2 × t),
φτt = exp(η
τ
0 + η
τ
1Em + ητ2 × t),
where Em represents the mother’s years of education. The productivity parameter of xt depends on the total
household income, such that
δxt = exp(γ
x
0 + γ
x
1Yt + γ
x
2 × t),
φxt = exp(η
x
0 + η
x
1Yt + η
x
2 × t),
The productivity of the external child care options vary over time according to
δνt = exp(γ
ν
0 + γ
ν
1 × t),
δpit = exp(γ
pi
0 + γ
pi
1 × t),
φνt = exp(η
ν
0 + η
ν
1 × t),
φpit = exp(η
pi
0 + η
pi
1 × t).
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Finally, the productivity of the own measures of skills depend on the presence of the father in the
household (represented by the indicator 1{ft=1}) and the child’s number of siblings (St).
δCt = exp(γ
C
0 + γ
C
1 × 1{ft=1} + γC2 × St + γC3 × t),
δSt = exp(γ
S
0 + γ
S
1 × 1{ft=1} + γS2 × St + γS3 × t),
φSt = exp(η
S
0 + η
S
1 × 1{ft=1} + ηS2 × St + ηS3 × t),
φCt = exp(η
C
0 + η
C
1 × 1{ft=1} + ηC2 × St + ηC3 × t).
The structural parameters to estimate are γ = [γτ0 , γ
τ
1 , γ
τ
2 , γ
x
0 , γ
x
1 , γ
x
2 , γ
ν
0 , γ
ν
1 , γ
pi
0 , γ
pi
1 , γ
C
0 , γ
C
1 , γ
C
2 , γ
C
3 , γ
S
0 ,
γS1 , γ
S
2 , γ
S
3 ]
′, and η = [ητ0 , η
τ
1 , η
τ
2 , η
x
0 , η
x
1 , η
x
2 , η
ν
0 , η
ν
1 , η
pi
0 , η
pi
1 , η
S
0 , η
S
1 , η
S
2 , η
S
3 , η
C
0 , η
C
1 , η
C
2 , η
C
3 ]
′.
The wage offer presents the following structure:
lnwt = µw,t + w,t, with w,t ∼ N (0, σ2w),∀t.
The term µw,t is the mean of the log wage draws of the mother at time t. The empirical specification adopted
for the estimation is the following:
µw,t = µ
0
w + µ
1
wEm + µ2wAget + µ3wAge2t ,
where Aget and Age
2
t are variables associated with the age of the mother. The parameters of interest are
µ = [σ2w, µ
0
w, µ
1
w, µ
2
w, µ
3
w]
′.
The non-labor income process reflects that households might not receive transfers during some periods.
This can be represented by a truncated version of a latent variable process, such that
Qt = max(0, µQ + Q,t),∀t. With Q,t ∼ N (0, σ2Q). (2.14)
Also, we need to estimate the mother’s valuation of the child’s cognitive ability at time T (ψ), and prices
pν and ppi. Finally, the starting levels of the child’s skills in the first period are specified as follows:
kC1 = exp
(
ϑC0 + ϑ
C
1 Em + ϑC2 Ef + ϑC3 1{LBW=1} + ϑC
)
, (2.15)
kS1 = exp
(
ϑS0 + ϑ
S
1 Em + ϑS2 Ef + ϑS31{LBW=1} + ϑS
)
, (2.16)
where Ef represents the father’s years of education. Parents’ education try to capture a genetic component
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in the initial condition of the child’s skills. The terms C and S are normally distributed with mean 0 and
variances σ2ϑC and σ
2
ϑS , respectively. 1{LBW=1}is an indicator of whether the child had a low birth weight.
This factor sizes the risk in the initial condition of the child’s ability of suffering from poor health, reduced
cognitive ability, and eventually low education levels. The structural parameters are defined as ϑ = [ϑC0 ,
ϑC1 , ϑ
C
2 , ϑ
C
3 , σ
2
ϑC , ϑ
S
0 , ϑ
S
1 , ϑ
S
2 , ϑ
S
3 , σ
2
ϑS ]
′.
With the description of the preference and productivity parameters, and exogenous variables, the vector
of structural parameters to estimate is given by Θ =
[
µζ , Σζ , γ, η, µ, µQ, σ
2
Q, ψ, pν , ppi, ϑ
]′
.
2.5.2 Method of simulated moments (MSM)
With appropriate data we could estimate the production parameters of the model, using only inputs for a
particular age of the child. However, with this approach, we would not be able to obtain the evolution of
the productivity parameters using the FFCWS due to missing data in the sample. The theoretical model
presented in section 2.3 considers periods of one year, but the FFCWS collects data at age three and five.
Therefore, this gap in the data makes it impossible to use successive observations of child quality along with
inputs to estimate the parameters directly. Moreover, the model does not have an analytical expression of
theoretical moment functions that can be evaluated directly. The only tractable way to fill in the gap is to
simulate paths of the endogenous variables over the entire period using the DGP described in subsection
2.5.1.
For such situations, McFadden (1989) and Pakes and Pollard (1989) proposed to use simulation instead
of solving moment conditions analytically. Let {Υ˜(s)t (Θ)}N(n)i=1 be the data simulated from the model with
parameter Θ, random seed s of the simulated sample N(n)9. Υ˜
(s)
t (Θ0) is drawn from the same distribution
as the original data, Υt, and shares the same moment characteristics. Given MN , a vector of moments
obtained from Υt, and MN(n)(Θ), a vector of the corresponding moments from the Υ˜
(s)
t (Θ0), the parameter
Θ minimizes their distance, such that
Θ̂MSM = arg min
Θ
(
MN −MN(n)(Θ)
)′
WN
(
MN −MN(n)(Θ)
)
. (2.17)
The matrix Wn is the inverse of the variance-covariance matrix of the data moments, such that
WN =
(
1
R
R∑
r=1
(MrN −MN )(MrN −MN )′
)−1
,
9As in Duffie and Singleton (1993), the simulated sample size increases at a proportional rate lim
N(n),n→∞
(N(n)/n) = r. In
this paper, I consider r = 4.
37
where MrN is computed for each of the 200 resamples from the original data.
2.5.3 Identification
The FFCWS provides enough information to identify the model, with the help of the distributional and
functional form assumptions of technologies, preferences, wage processes, and the moment conditions. The
selected moments should be sensitive to variations in the structural parameters. Table B.1 includes the list
of all the moments included in the estimation process.
The estimation of the model relies on the simulated initial conditions of the child’s skills. These structural
parameters are identified by computing as moments the correlation between the initial observations of the
cognitive and socio-emotional skills with their main determinants, such as Em, Ef , and 1{LBW=1}. Also, I
compute the variance and averages of the residual of the OLS regressions of these initial levels and their
determinants.
The parameters of the mother’s accepted wages are identified by the average and standard deviation of
the wages at the child’s age of one, three, and five. Also, I compute these statistics by the mother’s age and
level of education. To account for the mothers’ heterogeneity, I compute the variance and average of the
residuals of an OLS of the mothers’ accepted wages and their years of education and age. These statistics
are also calculated for the years we have available data.
The mother’s preference parameters are unobserved. I assume that they remained fixed during the
period of analysis, but differ across households. The identification of the preferences parameters rely on the
averages and standard deviations of the mothers’ choices (τt, νt, lt, and pit) available at the ages of three
and five. Also, I use the average and standard deviations of the labor supply (ht) and the proportion of
mothers working (these information is available since the child is one year old), and I compute the correlation
between the mothers’ wage and non-labor income with the mothers’ choices.
The productivity parameters of the child’s skills are identified by the correlation between the mother’s
choices of child care at the age of three and the child’s scores at the age of five. To identify the productivity
of the physical goods, I compute the correlation of the total household’s income at the age of three with the
scores at the age of five. This strategy is also applied for the cross productivity between the cognitive and
socio-emotional skills. Finally, to identify the prices of the different child care options, I use the average and
standard deviation of these variables.
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2.5.4 Estimation
According to the moments described in the previous subsection, I construct the vectorMN , which summarizes
the relationships in the sample at each survey date and across survey dates.
Following the strategy described by Del Boca et al. (2014), I simulate the model forward, using the
initial conditions given by the chosen set of parameters and the baseline data.10 I compute the endogenous
variables (h∗t , x
∗
t , ν
∗
t , and pi
∗
t ) using expressions (2.9), (2.10), (2.11), and (2.12), and τ
∗
t , l
∗
t , and c
∗
t with
equations (2.2), (2.3), and (2.4). The child’s initial conditions are obtained according to equations (2.15)
and (2.16). These expressions allow me to compute the child’s levels of ability at the end of the first period
(kCt+1 and k
S
t+1). For each household i, I repeat this process r times during the five years of analysis to
obtain the simulated sample Υ˜
(s)
t (Θ). With the simulated data, I compute the analogous simulated sample
characteristics to those determined from the actual data sample (MN(n)).
The characteristics of the simulated sample depend on Θ, the vector of all primitive parameters that
characterize the model, and on a vector of pseudorandom number draws made to generate the sample paths.
With the actual and simulated statistics, I construct the objective function to minimize (equation 2.17),
using the Nelder Mead Simplex Optimization.
2.6 Results
2.6.1 Preference Parameters
Table 2.2 presents the estimated averages and standard deviations of the preference parameters with β set
to 0.95. We observe that fragile families have strong preferences on their children’s cognitive and socio-
emotional skills. Moreover, mothers’ preferences on leisure and consumption also present similar estimates
parameter, being the estimates of αl 0.216 and αc equal to 0.224. The correlation of the preference on
leisure and consumption is equal to 0.321, but negative with both measure of children’s skills (-0.093 for the
cognitive ability and -0.352 for the socio-emotional skill).
These estimated preferences are in line with the results obtained by Del Boca et al. (2014). They found
that nuclear families possess a strong preference for child cognitive ability, with an average coefficient equal
to 0.353. In their model, preferences for leisure are equal to 0.196 and 0.194 for the mother and father,
respectively. Finally, the authors obtain that parent’s preference for consumption is equal to 0.257.
I found that the valuation of the child’s ability at the terminal period (ψ) is equal to 21.341. To interpret
10We also need to draw from the distribution of shocks to wages and non-labor incomes to determine the initial wage and
non-labor income draws. Moreover, I draw from the distribution of household preferences, (the vector α), and this draw stays
with the household over the entire sample path.
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Table 2.2: Estimation results: preference parameters.(∗)(∗∗)
Estimate S.E. Estimate S.E.
Preference parameters, α: Correlations:
Mean ρ(αl, αc) 0.321 (0.242)
Leisure, αl 0.216 (0.011) ρ(αl, αC) -0.093 (0.168)
Consumption, αc 0.224 (0.096) ρ(αl, αS) -0.352 (0.344)
Cognitive ability, αC 0.303 (0.035) ρ(αC , αS) 0.586 (0.231)
Socio-emotional skill, αS 0.257 (0.026)
Standard deviation Terminal payoff:
Leisure, αl 0.151 (0.012) ψ 21.341 (7.310)
Consumption, αc 0.185 (0.010)
Cognitive ability, αC 0.210 (0.065)
Socio-emotional skill, αS 0.193 (0.083)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from FFCWS, with the objective function repre-
sented by equation (2.17). The endogenous variables (Υ∗t =
{
h∗t , l∗t , τ∗t , ν∗t , pi∗t , c∗t , x∗t , kCt
∗
, kSt
∗}T
t=1
) are simulated with the
DGP described in Section 2.5.1.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
this number, we have to analyze the meaning of this parameter in the terminal period. If we assume
the household lives infinitely with a parameter β = 0.95, the terminal value of the child quality would be
(1−β)−1 = 20. The obtained parameter estimates indicate that mothers pose a modest value of child quality
in the following periods. Del Boca et al. (2014) found a coefficient ψ equal to 28.890 in nuclear families.
Their result might be due to a stronger preference that those households place on child development.
2.6.2 Productivity Parameters
The structural parameter estimates of the child’s production function of skills (γ and η) that allow us to
obtain the productivity parameters (δt and φt) are included in table B.2. Table B.3 presents the detailed
information of the evolution of the children’s productivity parameters for the cognitive and socio-emotional
skills. These estimates are resumed in figures 2.2 and 2.3. We observe that maternal time is the most
productive child-care option for both cognitive and non-cognitive measures of skills, but its productivity
decreases as the age of the child increases. For the PPVT score, informal child care presents the lowest
productivity among the different options. The productivity of formal care does not present much variation
during the period of analysis, but exceeds the contribution of informal care. These results are also observed
in the socio-emotional measure of skills.
By controlling for mother’s education, the presence of the father in the household, and the child’s number
of siblings, we allow for heterogeneity in the factors of production. These control variables present strong
positive effects on the productivities of child’s skills. For instance, according to the results presented in table
B.2, the structural parameters of the mother’s education in the productivity parameter of maternal time
are equal to 0.003 and 0.002, for the cognitive and socio-emotional measures, respectively. These results
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Figure 2.2: Estimated child development parameters by child age (cognitive ability)
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Figure 2.3: Estimated child development parameters by child age (socio-emotional skills
might reflect that better parenting style is associated with a high level of education, which enhances both,
cognitive and socio-emotional child’s skills.
The productivities of the formal child care and previous level of skill grow with the age of the child for
the socio-emotional skill. These results indicate that as the child starts to interact with other children and
teachers in daycare, Head-Start, or kindergarten institutions, his or her behavioral problems decreases. The
estimation results also confirm that household’s investment in formal care and physical goods are beneficial
for the development of their children. Besides, the increasing productivity of the current level of skill indicates
the cumulative process of child development. By the time the child is over five years old, the current level
of child’s ability is the most productive factor.
The estimated results of our cognitive measure of ability present similar conclusions to Del Boca et al.
(2014). The authors found a decreasing productivity of maternal time, and an increasing productivity of the
child’s ability. In their model, investments in physical good present a positive effect on child development,
which represents the increasing importance of child goods investments. In this paper, however, I include
informal care as an additional alternative of outsourcing child care, but we obtain a modest and decreasing
productivity of these factors during the five years of analysis.
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Bernal (2008) discusses the importance of maternal time in the production of child’s cognitive ability.
The author finds that when a mother works full-time and uses child care during one year, the child’s test score
reduces approximately eight percent. The model I propose extends the analysis to non-cognitive measures
of child’s ability. My estimates also reveal the importance of maternal time for child development over
other child-care options, and the trade-offs mothers must weigh when deciding on child-care arrangements.
I perform a further analysis by observing the effects of exchanging child-care options on children’s outcomes.
For instance, we observe in table 2.3 the results of the experiment of increasing the formal care option one
hour per week and reducing maternal time in the same amount. Results indicate that the cognitive and
socio-emotional outcomes are negatively affected by this decision, but at a decreasing rate. In row 2 of
table 2.3, we increase informal care and reduce maternal time by one hour per week. The results show a
similar negative impact on the child’s scores. Finally, in the last row we increase informal care and reduce
formal care one hour per week. The results present the same pattern as in the previous exercises but the
magnitudes differ.
Table 2.3: Effects on children’s outcomes of exchanging care options
Cognitive Socio-emotional
1 2 3 4 5 1 2 3 4 5
νt − τt -0.23 -0.19 -0.12 -0.08 -0.05 -0.29 -0.23 -0.20 -0.17 -0.14
pit − τt -0.19 -0.18 -0.15 -0.12 -0.10 -0.25 -0.23 -0.20 -0.20 -0.19
pit − νt -0.12 -0.09 -0.03 -0.04 -0.05 0.00 0.00 0.00 -0.03 -0.05
Notes:
The table includes the effects on the child’s outcome of combining the child care options. For instance, row (1) shows the effects
on the child’s outcome by increasing formal care (νt) one hour per week and reducing maternal time (τt) one hour, holding the
other option constant.
2.6.3 Parameters of wages, non-labor income, and prices
Table 2.4 presents the parameter estimates of the mother’s wage, non-labor income, prices of the child care,
and parameters of the child’s initial conditions of skills. With respect to the estimates of the mother’s wage,
we observe that µ2w and µ
3
w reflect the standard concavity feature of the income process for the age of the
mother. Also, the parameter µ1w presents the expected increment in the logarithm of the wage offer according
to mother’s years of education.
According to the DGP, non-labor income has a truncated distribution. I found results that are in line
with the estimated parameters of Del Boca et al. (2014). The average of the latent non-labor income is equal
to 2.999, and the estimated variance is equal to 179.870. These two parameters give rise to the variable Q∗t
according to equation (2.14).
The price of informal care is equal to 3.364. This price corresponds to unpaid care provider’s time in
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Table 2.4: Estimation results: estimated parameters of the accepted wages, non-labor income, and initial
level of ability(∗)(∗∗)
Estimate S.E. Estimate S.E.
Mother’s wage Non-labor income
Intercept, µ0w 0.135 (0.172) Intercept, µQ 2.999 (13.361)
Mother’s education, µ1w 0.031 (0.012) Variance, σ
2
Q 179.870 (14.455)
Mother’s age, µ2w 0.085 (0.007)
Mother’s age squared, µ3w -0.764 (0.206) Prices
Variance, σ2w 0.405 (0.057) Price of informal care, ppi 3.364 (0.911)
Price of formal care, pν 9.746 (1.440)
Cognitive ability Socio-emotional skill
Intercept, ϑC0 0.289 (0.021) Intercept, ϑ
S
0 0.286 (0.006)
Mother’s education, ϑC1 0.122 (0.006) Mother’s education, ϑ
S
1 0.124 (0.002)
Father’s education, ϑC2 0.097 (0.004) Father’s education, ϑ
S
2 0.098 (0.002)
Low birth weight, ϑC3 -0.353 (0.021) Low birth weight, ϑ
S
3 -0.350 (0.007)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from FFCWS, with the objective function repre-
sented by equation (2.17). The endogenous variables (Υ∗t =
{
h∗t , l∗t , τ∗t , ν∗t , pi∗t , c∗t , x∗t , kCt
∗
, kSt
∗}T
t=1
) are simulated with the
DGP described in Section 2.5.1.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
alternative activities. It can also be a measure of unpaid care. If this type of care is provided for some
non-monetary compensation (such as room, food, etc.), the shadow cost would represent this agreement.
The estimated prices of the formal child care is equal to 9.746. The estimate represents the hourly cost of the
institutional child-care option. The estimated prices are in line with the trends of child-care costs discussed
by Child Care Aware of America (2014).
2.6.4 With-in sample fit
Table 2.5 displays the sample fit of the simulated model for wages and non-labor income. The model fits
well the data in these variables.
Table 2.5: Sample fit of accepted wages and non-labor income
Actual† Simulated‡
Mother’s wage, wt
Average 9.735 10.169
St. dev. 7.169 5.475
Average (age < 30) 9.460 9.288
Non-labor income, It
Average 71.903 71.903
St. dev. 104.370 104.371
Proportion with It ≥ 0 0.716 0.713
Note:
(†) Actual data refers to the information obtained from the
FFCWS.
(‡) Simulated data is obtained from the estimated parameters Θˆ.
Table 2.6 shows the sample fit of the endogenous variables of the model. In general, the model fits the
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Table 2.6: Sample fit of endogenous choice variables (averages)
Actual† Simulated‡
Maternal time, τt:
t = 3 42.872 50.517
t = 5 44.545 45.187
Formal care, νt:
t = 3 15.784 18.901
t = 5 27.756 26.493
Informal care, pit:
t = 3 29.142 31.228
t = 5 15.841 22.167
Working hours, ht:
t = 3 36.080 34.706
t = 5 36.483 38.222
Probability of ht > 0:
t = 3 0.994 0.981
t = 5 0.994 0.986
Cognitive
t = 3 26.625 22.230
t = 5 65.102 66.200
Socio-emotional
t = 3 30.062 28.966
t = 5 46.449 47.383
Note:
(†) Actual data refers to the information obtained
from the FFCWS.
(‡) Simulated data is obtained from the estimated
parameters Θˆ.
data at t = 3 and t = 5. The first panel of table 2.6 includes the average time of the different child care
arrangements, working hours, and probability of working. We observe that the simulated average time in
formal and informal care fits well the data for the three outcomes.11 The average working hours marginally
differ across the three models, but remain close to the actual data. As this model involves mothers with
almost 100 percent of participation in the labor market, the results reflect this feature in the simulated data.
The second panel of table 2.6 includes the actual and simulated scores of children’s cognitive and socio-
emotional outcomes. The results show the expected characteristics of these variables: the average levels of
skills increase with the age of the child with a good sample fit. The on-line appendix presents the list of
moments considered in the estimation process for the three models analyzed. This information allows the
reader to analyze in more detail how well the model fits the data.
2.7 Counterfactual exercises
This section discusses whether policies can be effective to adjust the development process of children under
five years old in disadvantaged households. Using the estimated parameters of our structural model, we can
11According to the American Health and Retirement Study, grandparents spent 1250 hours in the previous 12 months caring
for their grandchildren (Zanella and Rupert, 2011). Our estimates indicate that single mothers use informal care 1,440 hours
at the age of three, and 1,056 hours at the age of five.
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analyze counterfactual exercises that help the policy maker decide optimal strategies to improve children’s
outcomes. I present two different policies: in section 2.7.1, I analyze an exogenous increase in the accepted
wages; in section 2.7.2, I study the effects of different transfer schemes that provide financial assistance to
mothers based on children’s outcomes.
2.7.1 Wage increases
In this section we analyze the effects of raising the mothers’ accepted wages by 10 and 20 percent on children
outcomes. The first column of table 2.7 includes the baseline results from the simulated data (the numbers
coincide with the simulated averages of tables 2.5 and 2.6). In column 2 we observe the effects on children
outcomes and the child-care arrangements by increasing the accepted wage by 10 percent. In general, both
cognitive and socio-emotional skills increase by 1 percent. Mothers decide to work more hours, to reduce
maternal time, and to buy more external sources of child care. Column 3 presents the experiment of a
20-percent increase in the mother’s accepted wages. The results reveal that children’s outcomes slightly
increase, maternal care decreases, and mothers spend more time in the labor market. These decisions lead
mothers to spend a higher proportion of their income on external sources of child care.
Table 2.7: Effects of exogenous wage increases on the endogenous variables
Baseline wt410% wt420%
(1) (2) (3)
Cognitive ability
kC3 22.23 22.43 22.62
kC5 66.20 67.57 68.86
Socio-emotional skills
kS3 28.94 29.38 29.77
kS5 47.35 48.63 49.80
Endogenous variables, (averages at t = 5)
Mother’s working hours, ht 38.23 38.68 39.06
Maternal time, τt 45.18 44.89 44.64
Mother’s leisure time, lt 28.59 28.56 28.43
Consumption/1000, ct 0.16 0.17 0.19
Household’s utility/1000, ut 0.06 0.06 0.06
Formal child care, νt 26.52 28.95 31.42
Informal care, pit 22.18 24.23 26.29
Notes:
Column (1) presents the averages of the endogenous and outcome variables presented in Section 2.6.4. Columns (2) and (3)
use the parameter estimates from the Section 2.6 and present the averages after the exogenous increase of wages in 10 and 20
percent, respectively.
2.7.2 Transfers
In what follows, I explore two different schemes of government support for fragile families, called “uncondi-
tional” and “conditional” transfers. In the unconditional setting, the government provides a certain amount
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of money to a mother which can be used without any restriction. The mother can spend this extra amount
of money either on household consumption or on child development. The conditional transfer restricts the
use of the financial assistance to child development. In our case, the restriction implies that the mother
must use the transfer to buy more formal child care or physical goods to improve the child’s development.
Table 2.8: Transfers
Baseline Unconditional transfers Subsidy
$50 $100 $200
(1) (2) (3) (4) (5)
Cognitive ability
kC3 22.62 22.55 22.87 23.45 23.67
kC5 68.86 68.21 70.17 73.96 75.15
Socio-emotional skills
kS3 29.77 29.61 30.23 31.41 29.33
kS5 49.80 49.23 51.05 54.60 50.54
Endogenous variables,
(averages at t = 5)
Mother’s working hours, ht 39.06 34.71 31.24 24.63 19.18
Maternal time, τt 44.64 47.34 49.47 53.57 63.11
Mother’s leisure time, lt 28.43 30.08 31.42 33.92 31.04
Consumption/1000, ct 0.19 0.17 0.17 0.19 0.22
Household’s utility/1000, ut 0.06 0.06 0.06 0.07 0.06
Formal child care, νt 31.42 27.59 28.68 30.95 40.00
Informal care, pit 26.29 23.08 24.00 25.90 19.77
Notes:
Column (1) presents the averages of the endogenous and outcome variables presented in Section 2.6.4. Columns (2), (3), and
(4) use the parameter estimates from the Section 2.6 and present the averages of the unconditional transfers. In each setting,
the program consists in offering $50, $100 or $200 per week during a period of three years. In column (5), the policy consists
in subsidizing the institutional child care. Also, it is compulsory that the mother sends the child to an institutional child care
40 hours per week for a period of three years.
The unconditional transfer sets the amounts of $50, $100, and $200 per week for households with a child
between three and five years old. There are no restrictions on the use of this benefit. In the conditional
transfer, the government requires the mother to send her child to an institutional child-care facility for forty
hours per week starting at the age of three. The government returns the amount of investment on child
development; therefore, this mechanism works as a subsidy.
The results of these exercises are included in table 2.8. As in the previous exercise, column 1 presents
the baseline results for comparative purposes. Columns 2, 3, and 4 offer us the results of the unconditional
transfer schemes. A transfer of $50 per week reduces the child’s PPVT score by 0.30 percent and 0.94
percent at the ages of three and five, respectively. This result is the consequence that mothers work fewer
hours, spend more time in leisure activities, and buy fewer hours of formal and informal care. With a $100
transfer we observe that the time they spend with their children increases by thirty minutes per week, but
there is a considerable reduction in working hours. Mothers buy more leisure and less external sources of
care, but spend more time with their children. Cognitive and socio-emotional outcomes increase between 1
and 2 percent, depending on the age of analysis. Finally, an unconditional transfer of $200 per week presents
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even stronger results on children’s outcomes, with particularly considerable increases in the child’s PPVT
score at the age of five. In conclusion, a transfer of $50 reduces PPVT and socio-emotional skills, but an
increase of $100 per week and above shows positive effects on both PPVT and socio-emotional skills.
The results of the subsidy experiment are included in table 2.8, column 5. This linear child-care subsidy
changes the budget constraint by increasing the net wage. We observe a reduction in maternal labor supply,
given that households whose pre-transfer level of expenditures on the child was substantially less than the
amount of the transfer, there is essentially no income effect from receiving it. The effects are stronger for
the cognitive child’s measure. The PPVT score increases to 23.67 and 75.15 at the ages of three and five,
respectively. The significant impact on the PPVT score is derived by sending a child to institutional child
care for forty hours per week starting at the age of three. Also, this result is a consequence of twenty extra
hours of maternal care and 25 percent fewer hours of informal care. Moreover, mothers considerably reduce
their working hours, which allows them to spend this extra available time on leisure activities. They can
also allocate their extra money, derived from the saving on child development, on consumption.
The socio-emotional measure presents weaker results than in the previous case. The results indicate that
the score reduces by 1.48 percent at the age of three, but increases 1.5 percent at the age of five. Mothers
increase the time they spend with they children by ten hours, and reduce informal care by eight hours. The
socio-emotional skill reduces marginally at the age of three, but increases by 2.15 percent in the final year
of analysis.
This linear child-care subsidy alters the relative price of child-care options. Mothers will rely less on
non-resident relative care and consume all the forty hours per week of institutional child care. Therefore,
we observe a crowding-out effect due to the implementation of this program (Blau, 2003). Even though not
discussed in this section, most of the subsidy programs for child care are structured to have nonlinear settings
(Blau and Currie, 2006). These results are similar to the conclusions obtained by Del Boca et al. (2016),
who propose a structural model to study the cost effectiveness of un-restricted, restricted, and conditional
cash transfers on child cognitive ability. The authors find that a conditional cash transfer (CCT) is the
most cost-effective policy that improves the average child’s cognitive ability, since they have a more limited
scope for household consumption compared to an unrestricted transfer. Our results also indicate that a CCT
might have a stronger impact on cognitive than on non-cognitive measures of ability for children under five
years old.
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2.7.3 Discussion
In this section we analyzed the effectiveness of remediation programs for children under five years old in
disadvantaged households with specific policies designed to benefit their development process. Almond
and Currie (2011) offer a summary of the three main policies that seek to boost child development in
disadvantaged households. Income enhancement is a policy usually implemented to support financially poor
households, either through cash transfers or cash credits. The evidence shows that this policy might alter the
consumption pattern of the household and improve the child’s nutrition level, but not rise significantly the
child’s cognitive ability. Our unconditional transfers in section 2.7.2, for both cognitive and socio-emotional
measures, provide similar conclusions.
A near-cash program is another policy that provides different benefits to the household in order to
improve their members’ quality of life. We can mention the US “food stamp” program, or public housing
benefits (such as the Moving to Opportunity program). There is evidence that these policies might provide
positive effects on the children’s nutrition, but not on their cognitive ability. The closest policy in our model
is the unconditional transfer.
Finally, early-intervention programs have been shown to be effective for improving children’s development
processes. The reason is that they have a direct impact on children’s production function of skill. Almond and
Currie (2011) recognize that nursing home-visiting programs and quality early-childhood education programs
have been the most effective interventions for children under five. In our case, we observe a positive impact of
the subsidy for child care. This program provides high-quality care to children in disadvantaged households
and financial relief to their single mothers, which allows them to dedicate more time to their children.
2.8 Robustness
2.8.1 Introduction
Kline and Walters (2014), and Feller et al. (2014) analyze the productivity of Head-Start on child development
compared to other alternatives. These studies try to reconcile the results of the randomized Head-Start
experiment with prior research. The Head-Start randomized experiment found small effects of the program
on test scores. In contrast, prior research found more significant short-term effects. With our model and the
data from the FFCWS, we can study the contribution of the different formal care options (such as daycare,
Head-Start, and kindergarten) on both the child’s cognitive and socio-emotional skills. This analysis can
complement the conclusions of the experiments with CCTs and subsidies proposed in the previous section.
According to table 2.1, mothers use daycare an average of 13.47 hours per week when their children are
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three years old. This child-care option complements the 23 and 51 hours of informal and maternal care,
respectively. The mothers decide different options when the children are five years old. For instance, they
use 14.66 hours of Head-Start, while daycare reduces to 4.43 hours per week. Finally, children spend an
average of almost eight hours per week in kindergarten institutions.
I present an extended model in which the only option of formal care is daycare (νDt ) during their first
three years. At the age of four, the child can also attend a Head-Start institution (νHt ). Finally, at the age of
five, the child can attend a Head-Start institution or kindergarten (νKt ). According to these specifications,
the child’s skill production functions can be represented by the following functional forms:
kCt+1 =

(τt)
δτt (xt)
δxt (νDt )
δDt (pit)
δpit (kCt )
δCt (kSt )
δSt if t ≤ 3.
(τt)
δτt (xt)
δxt (νDt )
δDt (νHt )
δHt (pit)
δpit (kCt )
δCt (kSt )
δSt if t = 4.
(τt)
δτt (xt)
δxt (νHt )
δHt (νKt )
δKt (pit)
δpit (kCt )
δCt (kSt )
δSt if t = 5.
kSt+1 =

(τt)
φτt (xt)
φxt (νDt )
φDt (pit)
φpit (kSt )
φSt (kCt )
φCt if t ≤ 3.
(τt)
φτt (xt)
φxt (νDt )
φDt (νHt )
φHt (pit)
φpit (kSt )
φSt (kCt )
φCt if t = 4.
(τt)
φτt (xt)
φxt (νHt )
φHt (νKt )
φKt (pit)
φpit (kSt )
φSt (kCt )
φCt if t = 5.
We can include this information into a household maximization problem. For instance, at time T , the
household’s problem can be expressed according to the following expression:
VT (k
C
T , k
S
T , wT , QT ) = max
hT ,xT ,piT ,νHT ,ν
K
T
{
αl ln lT + αc ln cT + αC ln k
C
T +
+αS ln k
S
T + βETVT+1(kCT+1, kST+1, wT+1, QT+1)
}
s.t. (2.18)
Γm = lT + hT + τT
Γc = τT + ν
H
T + ν
K
T + piT
wThT +QT = cT + xT + p
H
ν ν
H
T + p
K
ν ν
K
T + ppipiT .
The section B.1.2 includes the analytic derivations of the endogenous variables of this new specification
during the different periods of analysis. For instance, at time T , the optimal solutions of hT and xT
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conditional on νHT , ν
K
T and pit, are the following:
hT =
αcwT
(
Γm − (Γc − νHT − νKT − piT )
)
wT
(
αl(1− λxT ) + αc
) −
−αl(1− λ
x
T )
(
QT − pHν νHT − pKν νKT − ppipiT
)
wT
(
αl(1− λxT ) + αc
) (2.19)
xT = λ
x
Tαc
wT
(
Γm − (Γc − νHT − νKT − piT )
)
αl(1− λxT ) + αc
+
+λxTαc
(
QT − pHν νHT − pKν νKT − ppipiT
)
αl(1− λxT ) + αc
(2.20)
The optimal amounts of the formal and informal child care options are obtained by solving numerically
the following system of non-linear equations:
Π(wT − pHν ) + β
(
ψαCδ
H
T +ψαSφ
H
T
νHT
− ψαCδτT+ψαSφτT
Γc−νHT −νKT −piT
)
= 0 (2.21)
Π(wT − pKν ) + β
(
ψαCδ
K
T +ψαSφ
K
T
νKT
− ψαCδτT+ψαSφτT
Γc−νHT −νKT −piT
)
= 0 (2.22)
Π(wT − ppi) + β
(
ψαCδ
pi
T+ψαSφ
pi
T
piT
− ψαCδτT+ψαSφτT
Γc−νHT −νKT −piT
)
= 0 (2.23)
where Π =
αl(1−λxT )+αc
(1−λxT )
[
wT
(
Γm−(Γc−νHT −νKT −piT )
)
+QT−pHν νHT −pKν νKT −ppipiT
] . By solving numerically the system of
equations we obtain the optimal solutions of νHT
∗
, νKT
∗
and pi∗T . Then, we can replace them in expressions
(2.19) and (2.20) to obtain h∗T and x
∗
T , respectively. τ
∗
T , l
∗
T , and c
∗
T are obtained by replacing ν
H
T
∗
, νKT
∗
, pi∗T ,
x∗T , and h
∗
T , into the time and budget constraints.
For each period t, we can construct the vector of endogenous variables Υ∗t , which includes the variables
h∗t , l
∗
t , τ
∗
t , pi
∗
t , c
∗
t , x
∗
t , k
C
t
∗
, and kSt
∗
for the whole period of analysis. During the first three years of the child’s
life, Υ∗t also includes daycare (ν
D
t ). At time t = 4, in addition to daycare, we add the Head-Start option
(νHt ). Finally, at t = 5, Head-Start and Kindergarten (ν
K
t ) are the formal options of child care that we
include in Υ∗t . These endogenous variables depend on the parameters Λt = [α, β, ψ, δt,φt]
′, prices P = [pDν ,
pHν , p
K
ν , ppi]
′ and exogenous variables Φt = [wt, Qt]′.
The estimation strategy will rely on the MSM. The DGP of the preference and technology parameters,
labor income, and transfers will adopt the same functional forms considered previously. As in the basic
representation, Θ represents the vector of structural parameters to estimate.
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2.8.2 Structural estimation results
Figures 2.4 and 2.5 present the evolution of the children’s productivity parameters for the cognitive and
socio-emotional skills. The structural parameter estimates of the child’s production function of skills (γ
and η) that allow us to obtain the productivity parameters (δt and φt) are included in tables B.5 and B.6,
respectively.
We observe that the main features of the original version of the model remain under this specification:
maternal time is the most relevant child-care option in the production of both children’s cognitive and non-
cognitive skills. Higher levels of education in mothers also present a strong positive impact on the cognitive
and non-cognitive measures. Higher levels of the child’s own baseline positively affect the child’s later
measures of ability. Informal child care has a small and decreasing impact on the child’s PPVT score and
socio-emotional measures of skills. Also, the presence of the father and siblings in the home are positively
associated with the productivity parameters.
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Figure 2.4: Extended model: estimated child development parameters by child age (cognitive ability)
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Figure 2.5: Extended model: estimated child development parameters by child age (socio-emotional skills
According to figures 2.4b and 2.5b, at the age of three, the daycare option is more beneficial to the child’s
cognitive skill than the socio-emotional. Moreover, the results indicate that daycare is almost three times
more productive than informal care for the PPVT, and doubles the productivity of this type of care in the
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socio-emotional measure. When the child is four years old, a mother can send the child to daycare and Head-
Start institutions. Head-Start is more productive than Daycare in both measures of skills. Finally, at the age
of five, the two available options of formal care are Head-Start and kindergarten. Results indicate that these
two child care options present similar productivities for cognitive and socio-emotional skills. These results
show the importance of investing in child development and support the conclusions discussed by Kautz et al.
(2014) with respect to the malleability of traits: cognitive skills are more malleable than socio-emotional
skills at younger ages.
Section B.3.2 includes the estimated parameters of the utility function (table B.4), primitive technology
parameters (table B.5), and the estimated parameters of the accepted wages, non-labor income, and initial
level of ability (table B.6). We observe that the wage parameters present the same concavity feature as in
the original version of the model. This model specification allows us to obtain more detailed estimation of
the average prices.
The conclusions obtained in this section provide valuable information for policy analysis. Policies that
try to foster child development in disadvantaged families should aim to improve external sources of child
care, such as daycare and Head-Start, to foster children’s development process. For instance, our results
show a strong effect on children’s outcomes of Head-Start compared to other formal child care options.
2.9 Conclusion
In this paper, I focus on the labor supply and child-care decisions of mothers in disadvantaged households
to evaluate the effects of their decisions on their children’s cognitive and socio-emotional development. Due
to unobserved characteristics of both mothers and children, and the simultaneity of their decisions, there
is a potential endogeneity of the child care inputs on the child’s ability. Mothers are heterogeneous with
respect to their constraints and tastes, which affects their labor supply and child-care decisions. At the same
time, children are heterogeneous with respect to their cognitive and socio-emotional endowments. Moreover,
children of working women or children of non-working women who use child care will differ from those whose
mothers stay at home or do not use paid child care.
The structural model that I present in this paper simultaneously estimates the productivity parameters
of Cobb-Douglas production functions of cognitive and socio-emotional measures of ability for children under
five years old. The production function of skills is nested within a household maximization problem. The
model allows us to analyze the effects of labor supply and child-care decisions on the child’s development,
given the mother’s preferences and constraints. A number of simplifying assumptions are considered to reduce
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computational burden, and to consider diverse productivity parameters over time on child development.
As in Bernal (2008), our results reveal the importance of the maternal time on child development over
other child-care options, especially for young children. The productivity of institutional child care remains
constant during the first five years of analysis for the cognitive ability, but increases with the age of the child
for socio-emotional measure. This result reflects the importance of investment in child development. Mothers
also have the alternative of using informal child care. However, among all the factors of production, this
alternative offers the lowest productivity on children’s cognitive and non-cognitive ability. The specification
presented in this paper allows us to simultaneously study the mechanism through which cognitive ability
can enhance socio-emotional skills, and viceversa. By taking into account household’s preferences and
constraints, particularly when designing policies targeted at fragile families, we observe that the child’s
cognitive skills reinforce the socio-emotional ability. However, in the opposite case, the effects are smaller,
but still significant.
Counterfactual exercises show that unconditional transfers do not offer significant impact on the average
cognitive skill of children. As explained by Del Boca et al. (2016), conditional transfers are the most cost
effective policy that improves the average child’s cognitive ability since they have more limited scope for
household consumption relative to an unrestricted transfer. However, a subsidy for child development that
can be offered to mothers who send their children to institutional child care for forty hours per week starting
at the age of three has a considerable positive impact on child development. The impact of this policy on
the socio-emotional measure is modest, where unconditional transfer provide stronger results on children.
I consider an expanded version of the model by including different options of institutional child care.
We observe that Head-Start enhances the child’s skills, specially considering the target population of the
program and the sample used in this paper.
This paper presents evidence of the availability of policies that children’s skill deficits can be improved
during early ages in disadvantaged households. Moreover, it supports previous research which finds that
maternal time is an important factor for the cognitive development of children. I provide further evidence
to demonstrate that it also contributes positively on the child’s socio-emotional ability. The proposed
framework allows to design policies to improve children development by analyzing alternatives of conditional
and unconditional transfers at different ages of child’s development process in disadvantaged households or
deciding exogenous wage increases. When designing financial assistance and policies of child development, it
should be considered the fragile families’ budget and time constraints, and also the preferences of child care.
As we observed in our analysis, those are components that cannot be ignored when defining the child-care
arrangements. Our analysis provides strong evidence of the importance of mother’s education during the
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child development process. It should be noted that this factor contributes to improve the child rearing habits
which enhance the productivity of the maternal time.
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Chapter 3
Mothers’ substance use, household
decisions, and children’s non-cognitive
skills
3.1 Introduction
According to the results from the National Survey on Drug Use and Health (NSDUH, 2014), 5.4 and 15.4
percent of pregnant women aged 15-44 used illicit drugs and tobacco, respectively. For nonpregnant women
in the same age range, these average prevalence rates increased to 11.4 and 24.0 percent, respectively.
Mothers who use substances during pregnancy are likely to continue using them after delivery, which might
create health and environmental adversities affecting their children’s rearing. Children of substance-abusing
parents are at risk of a variety of emotional, behavioral, and other developmental problems (Fitzgerald et al.,
2002). Children’s behavior and mental health are concepts included in what economics literature calls “non-
cognitive skills.” As discussed in Heckman and Cunha (2007), children’s non-cognitive skills are important
determinants of their future labor market and economic success. While much has been written about the
effects of mothers’ prenatal substance use on their children in medical and psychology literature, there are no
economic studies that analyze the relationships among mothers’ substance consumption, household decisions,
environmental factors, and their impact on children’s non-cognitive skills during their first twelve years of
life.
This paper is based on the hypothesis that maternal substance use interferes with the development of
children’s non-cognitive skills by reducing the effectiveness of parents’ skills and the productivity of their
investments in child development. Throughout the paper, the expression maternal substance use refers to
the consumption of cocaine, marijuana, or tobacco by mothers during their children’ development processes
(which include pregnancy and the postnatal period from birth until twelve years old).
We could study the relationships among maternal substance use, household decisions, postnatal environ-
ment, and children’s non-cognitive skills with data from an appropriately designed experiment. However,
this approach would be impossible to implement. A second approach would be to analyze observational
data with an appropriate statistical procedure that controls for unobservables by estimating a fixed-effects
model or using instrumental variables. Unfortunately, there are no longitudinal studies that contain all
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the variables of interest. I use two independent sources of data: the restricted-access data of the Maternal
Lifestyle Study (MLS; Lester et al., 2015) and Fragile Families and Children Well-being Study (FFCWS;
Brooks-Gunn et al., 2011). The MLS has information on maternal substance consumption and children’s
non-cognitive skills, while the FFCWS includes data on income and labor supply. Both data sets contain a
comparable set of variables that allow me to complement the information missing in the MLS with data from
the FFCWS. However, the information contained in the data sets have observations at a few points in time,
making impossible to observe the longitudinal observations of the relevant variables. The only way to fill in
the gaps in the data is by simulating paths of endogenous and exogenous variables with an structural model.
Moreover, an structural model allows to analyze the relationships among variables of interest, to perform
counterfactual exercises, and to include household’s decisions that would be impossible to analyze with a
reduced form strategy. Because mothers’ decisions are made with respect to a discounted future stream of
costs and benefits, it is important to include an appropriate discount method. The model includes hyperbolic
discounting (Gruber and Kszegi, 2001), which allows for time-inconsistency of the mothers’ preferences in
addictive goods through the period of analysis.
The results indicate that maternal substance consumption negatively affects the child’s development,
with stronger effects for young children and with differences according to the type of substance consumed.
The effects of postnatal exposure are stronger in the cases where initial prenatal exposure was present.
However, these effects reduce as the child grows, and in the case of tobacco consumption, get close to zero by
the time the child is twelve years old. Also, the effect of the maternal care on the child’s skills differ by the
type of substance consumed but not by the child’s outcome. For instance, in the case of cocaine, maternal
time has a smaller contribution to the parenting input than in the case of marijuana and tobacco. The
contribution of mother’s education on the child’s development increases with the age of the child. Finally, I
study the effect of family disruption on the child to determine whether the role of the father can compensate
for the effects of maternal substance consumption. According to the results, children who live with their
fathers in their household have higher levels of parenting quality compared to children who live without
their fathers in their household. These results have an indirect positive effect on the children’s non-cognitive
scores.
This paper contributes to the literature in several ways. First, there are not many studies in the eco-
nomics literature that analyze the effects of maternal substance use during pre- and postnatal periods along
with other household decisions on children’s non-cognitive skills. Second, I propose a structural model that
simultaneously estimates household decisions and their consequences on children’s ability. This study also
allows us to distinguish the consequences of cocaine, marijuana, and tobacco consumption in order to com-
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pare the determinants of the children’s ability in households with and without mothers with substance use
problems. Finally, I analyze policies that aim to improve children’s non-cognitive skills and study how these
programs might affect households with and without mothers who use substances.
The rest of this paper is organized as follows. Section 3.2 describes the most recent literature on the
consequences of maternal substance abuse and child development. Section 3.3 presents the main details of
the theoretical model. Section 3.4 examines the main characteristics of the data sets. Section 3.5 provides
the empirical strategy. Section 3.6 offers the estimation results of the model. Section 3.7 suggests possible
policy recommendations. Section 3.8 concludes.
3.2 Literature review
According to the results of the 2008 NSDUH and 2014 NSDUH, current illegal drug use among pregnant
women aged 15-44 remained relatively stable between 2008 (5.1 percent) and 2013 (5.4 percent). The average
prevalence rates of drugs and tobacco for non-pregnant women in 2013 increased to 11.4 and 24.0 percent,
respectively. Mothers who use substances during pregnancy are likely to continue substance use after delivery
and face other genetic and environmental adversities.
Maternal substance use might affect children’s development outcomes through different channels. First,
substance use during pregnancy may adversely affect a child’s future development outcomes through ter-
atogenic processes, as almost all drugs are known to cross the placenta and have some effect on the fetus
(Behnke and Smith, 2013). Second, prenatal exposure to a substance might have long-term consequences
on the physical development of the child. Third, substance use may disrupt the home environment or affect
parenting. Finally, mothers and children may share an unobserved genetic or environmental vulnerability
to substance use and other types of problems.
Tobacco use during pregnancy is associated with Sudden Infant Death Syndrome (SIDS), higher pre-
mature birth rates, and reduced birth weights (Wickstrom, 2007). Heavy alcohol use during pregnancy is
linked to Fetal Alcohol Syndrome and Fetal Alcohol Spectrum Disorders (Welch-Carre, 2005). Cocaine use
during pregnancy is related to intrauterine growth problems (birth weight, length, and head circumference),
prematurity, SIDS, and congenital anomalies (visual, auditory, cardiovascular, and genitourinary; Schiller
and Allen, 2005).
Longitudinal studies do not reveal a consistent effect of prenatal nicotine exposure on long-term growth
(Behnke and Smith, 2013). However, there is evidence of decreased lung growth and increased rates of
respiratory tract infections, otitis media, and childhood asthma, with the severity of these problems raising
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with increased exposure (DiFranza et al., 2004). Alcohol is the most widely studied prenatal substance.
There is strong evidence of fetal growth problems and congenital anomalies in children whose mothers used
alcohol during pregnancy; however, these growth deficits are usually corrected by “catch-up” growth in early
childhood. There has been no convincing evidence of neonatal withdrawal syndrome. According to Behnke
and Smith (2013), there is no consensus regarding the effects of prenatal cocaine exposure on long-term
growth.1
Both prenatal and postnatal substance exposure appear to shape children’s developmental outcomes.
According to Carmichael-Olson et al. (2001), prenatal substance use is strongly correlated with postnatal
use. Research suggests that the home environment in which the child is reared may have a stronger influence
on developmental outcomes than prenatal drug exposure. Children of mothers abusing alcohol and illicit
drugs are likely to be at increased risk of long-term cognitive, behavioral, and academic problems, including
their own future substance use (Johnson and Leff, 1999). Substance use by parents of young children
has been linked to impaired parenting capacity and child abuse and neglect (Muhuri and Gfroerer, 2009;
Kelleher et al., 1994). Many studies have found that children of substance abusing parents are at risk of
behavioral problems and psychopathology. Kandel (1990), using a sample of 28- and 29-year-old parents in
a longitudinal study of New York state public high school students, finds that maternal drug involvement is
positively related to both problematic parenting styles and children’s behavioral problems. Similar results
were obtained by Puttler et al. (1998) with respect to alcohol consumption. Parental substance use affects
school-aged children’s mental health, which might lead to long-term reduction in the accumulation of human
capital and a consequent impact on academic and labor market outcomes (Currie and Stabile, 2007).
While much has been written about the consequences of pre- and postnatal substance consumption on
different child development outcomes, there are no many studies in economics literature that analyze the
effects of parents’ addictions on their children’s development.
Becker and Murphy (1988) present the first economic model of the habit-formation aspect of addictive
processes, and find that the current consumption of addictive goods is dependent on the path of past
consumption. They present the idea of “rational addictions”: while current utility rises from the consumption
of an addictive good, long-run utility decreases because the individual is building up a stock of the addictive
good that has a negative marginal utility. Therefore, individuals rationally trade off these factors to decide
the appropriate level of consumption of addictive goods. This framework has been the traditional approach
to modeling an individual’s consumption of addictive goods and the effects on him or herself, reinforced by
1In appendix C.3, I try to verify these findings by plotting the trend of the traditional health variables during the first
twelve years of the child’s life by initial exposure to different types of substances using data from the MLS. We observe that the
children initially exposed to maternal alcohol, cocaine, marijuana, opiate, and tobacco consumption do not present significant
differences in terms of health variables compared to children who were not exposed.
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the empirical literature, beginning with Becker et al. (1994).
Assessing the causal relationship between maternal substance use and child development is not an easy
task. External factors, such as a stressful home environment or a dangerous neighborhood, might be the cause
of both maternal substance use and children’s development problems. In these cases, social programs that
reduce maternal substance use will not be effective in improving children’s non-cognitive skills. Alternatively,
children’s development problems may originate in maternal substance use; in these cases, the former would
improve through policies that reduce the latter. Finally, the relationship could be the converse of the
previous scenario; then, the interventions should focus on supporting child-development outcomes. The
causal relationship becomes even more complicated to analyze when including parents’ household decisions
(such as investments in child care, time to supply in the labor market, or time to dedicate to their children),
because it increases the number of endogenous variables.
Based on Becker et al. (1994), few studies seek to empirically identify the causal effects of parental health,
specifically substance use,2 on child outcomes. For instance, Snow Jones et al. (1999) use the 1988 National
Health Interview Survey data to analyze the effects of both heavy and moderate alcohol use on children’s
behavioral problems. The authors find that parental alcohol use is a factor with a negative marginal product
in the production of child behavioral health, regardless of which parent drinks.
Chatterji and Markowitz (2001) analyze the relationship between maternal substance abuse and chil-
dren’s mental health (measured by the Behavioral Problems Index [BPI]3). Using data from the National
Longitudinal Survey of Youth (NLSY), the authors examine whether there is evidence of a causal relation-
ship between maternal use of alcohol and drugs and 4- and 15-year-old children’s BPI. Fixed-effects results
suggest that there is some evidence of a connection between maternal risky behavior and higher scores on
the BPI. Results are stronger for drug use than for alcohol use.
More recently, Frank and Meara (2009) studied the effects of maternal depression and substance abuse
on children’s behavioral, cognitive, and educational outcomes using the initial cohort of the 1979 NLSY.
The authors do not find evidence that maternal depression affects contemporaneous cognitive scores in
children. However, maternal depression symptoms have a large negative effect on child behavioral problems.
For younger children, alcohol abuse is associated with worse (that is, higher) BPI measures. Yet children
with mothers who have symptoms of alcohol abuse are significantly less likely to be suspended or expelled
from school. The mechanism of this effect is unclear to the authors, although they discuss that children of
alcoholic parents tend to take on more responsibilities during their school years, and try to compensate for
2These papers partially include Becker and Murphy’s framework to empirically analyze the effects on children.
3The BPI consists of a series of questions, answered by a child’s mother, on the child’s behavior and mental health, including
hyperactivity, anxiety, anti-social behavior, and depression.
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the lack of parental support (AACAP, 2002).
The analysis of household decisions and children’s non-cognitive development presents an endogeneity
problem because current inputs may respond to lagged outcomes realization. Some of these articles have tried
to overcome the endogeneity problem by estimating fixed-effects models and/or using instrumental variables
(IV). Neither fixed-effects (either at the child or household level) nor value-added models completely solve
the endogeneity problem. A few attempts to use IV have not been completely successful; the instrument
has been questionable or too weak to identify plausibly sized effects of maternal inputs on child outcomes.
Moreover, there is a risk of omitting unobserved variable problems when modeling maternal substance use.
In economics literature, we find studies that analyze the importance of early life events on human capital
development. For instance, Todd and Wolpin (2003) present the framework of a child’s quality production
function, while Cunha and Heckman (2008) and Cunha et al. (2010) study the technology of the child’s cog-
nitive and non-cognitive skills. More recently, Bernal (2008) and Del Boca et al. (2014) propose structural
models that simultaneously estimate parents’ choices, the determinants of their children’s ability, and chil-
dren’s cognitive outputs. With structural models, we can understand the relationships among the variables,
avoid biased estimates, and perform counterfactual exercises to study policy recommendations.
The model that I propose is based on these previous studies to estimate a production technology of
children’s non-cognitive skills within an explicit model of household choices in the context of the Becker and
Murphy’s framework. The Becker and Murphy’s model, however, relies on the assumption that individuals
exhibit appropriate forward-looking behavior and time-consistent preferences. Gruber and Kszegi (2001)
develop an alternative model that considers individuals with forward-looking consumption decisions but
possess time-inconsistent preferences. They do so by embedding the hyperbolic discounting preferences
pioneered by Laibson (1997) into the Becker-Murphy framework.4
The model incorporates the hyperbolic discounting to study the impact of substance use mothers’ de-
cisions on their children’s non-cognitive skills, the relationship between mothers’ labor supply and their
consumption of substances, and the consequent effects on their child-investment decisions. I estimate this
model using two independent data sources: the MLS, which contains information on maternal substance
consumption and different measures of children’s non-cognitive skills, and the FFCWS, which includes data
on mothers’ income and time allocation. Because the data sets present information at few points in time
during the children’s development process, the estimation strategy relies on simulation methods using the
methodology proposed by Del Boca et al. (2014). The model includes some assumptions that reduce the
mathematical complexity of the expressions and the computational burden, which allows me to simulate
4There are many articles that discuss about the theory and general evidence of the hyperbolic discounting; a brief enumeration
includes O’Donoghue and Rabin (1999, 2015) Frederick et al. (2002), and DellaVigna and Malmendier (2006).
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paths of endogenous and exogenous variables during the child’s development process.
3.3 Model
In the model, mothers will make decisions from the first period of the life of their children, t = 1, until period
T to maximize the total discounted utility.5 The set of decisions includes the mother’s labor supply (ht), the
amount of time she dedicates to her child (τt), her investment in child development (it), and her substance
consumption (dgt , the addictive good in our setting, for g ∈ {cocaine,marijuana, tobacco}). As in Gruber
and Kszegi (2001), I consider that addicted mothers engage in quasi-hyperbolic discounting (Laibson, 1997),
such that their discounted utility is represented by
Ut + β
T−t∑
i=1
δiUt+i.
The term Ut+i represents the instantaneous utility function, where δ is the traditional discount factor and
β is intended to capture the essence of hyperbolic discounting. A mother might not be single during the
child’s development process, but when we analyze the data, we observe that, in most of the households, the
mother is single or the father does not reside in the home.6
A substance-using mother’s instantaneous utility function depends on her consumption of addictive and
nonaddictive goods. Furthermore, it also depends on the period t stock of past consumption (Dgt ), which
evolves according to
Dgt+1 = d
g
t + (1− ι)Dgt , (3.1)
where ι is the depreciation rate of the stock (meaning, the higher ι is, the less past consumption influences
the current stock of accumulated consumption). As in Becker and Murphy (1988), I adopt an instantaneous
utility representation that is additively separable. The arguments are the total household consumption (ct),
the mother’s leisure time (lt), the child’s non-cognitive skill level (k
j
t ), the current amount of the addictive
good, and the stock of substance consumed until period t, such that
Ut = U(d
g
t ,D
g
t , lt, ct, k
j
t ) = u(d
g
t ,D
g
t ) + v(ct) + v(lt) + v(k
j
t ). (3.2)
5At the “terminal” point, point, the children enter a new development process and their decisions change substantially.
6In the literature, many studies analyze households with single mothers who consume substances, for instance Nair et al.
(1997).
61
More specifically, I define
u(dgt ,D
g
t ) = αdd
g
t + αSD
g
t +
αdd
2
(dgt )
2
+
αDD
2
(Dgt )
2
+ αdDd
g
tD
g
t (3.3)
v(xt) = αx lnxt; for xt = {ct, lt, kjt }, (3.4)
where αd, αdD, and αx are positive and αS , αdd, and αDD are negative parameters. The key parameter
is αdD, which measures the effect of past consumption on the marginal utility of current consumption.
αdD > 0 means that a mother requires more of the addictive substance in the present in order to get
the same utility that she had in the past. This is what can give rise to addictive behavior. As I discuss
in section 3.4, I estimate the model for three measures of children’s non-cognitive skills (kjt , with j ∈
{CBCL, TRF, V ABS}). To simplify the notation, the parameters of the utility function are collected into
the vector α = [αd, αS , αdd, αDD, αdD, αc, αl, αk].
The mother maximizes her utility subject to budget and time constraints. The total household income
can be obtained by working in the labor market and obtaining htwt, or with an exogenous transfers (It). The
mother allocates her income to household consumption, investment in her child, and substances. Therefore,
the mother’s budget constraint is represented by
htwt + It = ct + it + p
ddgt . (3.5)
The prices of the nonaddictive goods are normalized to 1. The mother can allocate her time endowment
(Tm, which represents 112 hours per week) to maternal care, leisure, and the labor market7:
Tm = τt + lt + ht. (3.6)
Each period, the child’s non-cognitive skill kjt is produced by a combination of a parental input (ϕt),
investment in the child, the child’s previous level of skill, the mother’s current level of substance consumption,
and a stochastic error term (jk). The adopted functional form is the following:
kjt+1 = exp
[
θϕt logϕt + θ
i
t log it + θ
d
t log(1 + d
g
t ) + θ
k
t log k
j
t + 
j
k
]
. (3.7)
This specification implies that if a mother does not consume substances (dgt = 0), then there is no effect on
the child’s skill measure. However, a minimal amount of consumption will affect the child’s non-cognitive
ability. Because of the specification adopted, the inputs ϕt, it, and k
j
t are supposed to be positive amounts.
7All the time variables are expressed in hours per week.
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The parenting input is an intermediate good produced at home. It follows a linear representation which
depends on maternal time, the mother’s education (Em), and the presence or lack thereof of a father in the
household (1{fathert=1})
8, such that
ϕt = λ
τ
t τt + λ
E
t Em + λft 1{fathert=1}. (3.8)
The variable Em is exogenous in the model. The productivity parameters, θt = [θϕt , θit, θdt , θkt ] and λt =
[λτt , λ
E
t , λ
f
t ], vary through time according to the age of the child but are the same for all the households.
9
The starting level of the child’s ability is obtained according to the following expression:
kj0 = exp
(
ϑ0 + ϑ1Em + ϑ2Ef + ϑ31{LBW=1} + ϑ41g{exposed=1}
)
, (3.9)
where Ef represents the father’s years of education, 1{LBW=1} is an indicator variable if the child had a
low birth weight, and 1g{exposed=1} is an indicator if the child was exposed to cocaine during pregnancy.
10
Finally, the initial stock of addiction is defined as follows
Dg0 =
dg1
ι
. (3.10)
There are no clear references in the literature of how to determine an initial stock of addictive goods. To
simplify the model, I adopt the specification proposed by Harberger (1978) in the addiction framework.
8As I discuss in the data section, we do not have much information about fathers with respect to their time allocation or
substance consumption. Therefore, as in Chatterji and Markowitz (2001), the indicator 1{fathert=1} tries to capture the effect
of family disruption on the child’s development.
9Based on Cunha et al. (2010), Heckman and Masterov (2007a), and Heckman (2007), this assumption reflects that factors
can be more productive for the child at particular stages of development.
10To simplify the analysis of the model, I study the effect of mothers’ current consumption of substances (dgt ) on the
children’s non-cognitive skills, and the effect of prenatal exposure to the same type of substance (captured through the indicator
1
g
{exposed=1}, with g ∈ {cocaine,marijuana, tobacco}). In what follows, I define ϑ = [ϑ0, ϑ1, ϑ2, ϑ3, ϑ4].
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Then, at time t, the household’s problem can be represented as follows:
V (dgt ,D
g
t , lt, ct, k
j
t ) =
{
αdd
g
t + αSD
g
t +
αdd
2
(dgt )
2
+
αDD
2
(Dgt )
2
+ αdDd
g
tD
g
t +
+αc ln ct + αl ln lt + αk ln k
j
t +
+βδEtVt+1
(
dgt+1,D
g
t+1, lt+1, ct+1, k
j
t+1
)}
(3.11)
s.t.
Tm = τt + lt + ht
wtht + It = ct + it + p
ddgt
ϕt = λ
τ
t τt + λ
E
t Em + λft 1{fathert=1}
kjt+1 = exp
[
θϕt lnϕt + θ
i
t ln it + θ
d
t ln(1 + d
g
t ) + θ
k
t ln k
j
t + k
]
Dgt+1 = d
g
t + (1− ι)Dgt
kj0 > 0
Dg0 ≥ 0
The expectation operator Et is taken with respect to the distribution of future wages, conditional on the
available information at period t. The derivation of the solutions of this discrete time model can be found in
appendix C.1. For any period t, I obtain the optimal expressions of τt, ht, it, and d
g
t by solving the following
system of equations:

αcwt
wtht + It − it − pddgt
− αl
Tm − τt − ht = 0
βδωt+1
θit
it
− αc
wtht + It − it − pddgt
= 0
βδωt+1
θϕt λ
τ
t
λτt τt + λ
E
t Em + λft 1{fathert=1}
− αl
Tm − τt − ht = 0
βδωt+1
θdt
dgt
+ A+ dgtB−
αcp
d
wtht + It − it − pddgt
= 0
(3.12)
where A = αd+αdDDgt+βδ
((
αS+αdDd
g
t+1
)∑T−t
i=0 δ
i(1−ι)i+αdD
[
Dgt (1−ι)
∑T−t
i=0 δ
i(1−ι)i×2+∑Tj=t+1 dgj δ(1−
ι)
∑T−j
i=0 δ
i(1−ι)i×2
]
, and B = αdd+βδαDD
∑T−t
i=0 δ
i(1−ι)i×2. To simplify notation, ωt represents the mother’s
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marginal utility from the child’s future level of non-cognitive ability. More precisely,
∂VT+1(·)
∂ ln kjT+1
= ψαk = ωT+1
∂VT (·)
∂ ln kjT
= αk + δ
∂VT+1(·)
∂ ln kjT+1
∂ ln kjT+1
∂ ln kjT
=
= αk + δθ
k
TωT+1 = αk + δθ
k
Tψαk = ωT
· · ·
∂Vt(·)
∂ ln kjt
= αk + δθ
k
t
∂Vt+1(·)
∂ ln kjt+1
= αk + δθ
k
t ωt+1 = ωt
· · ·
∂V1(·)
∂ ln kj1
= αk + δθ
k
1
∂V2(·)
∂ ln kj2
= αk + δθ
k
1ω2 = ω1.
Finally, by plugging the solutions of τ∗t , h
∗
t , i
∗
t , and d
g
t
∗
into equations (3.1), (3.5), (3.6), (3.7), and (3.8),
I obtain the optimal solutions of the stock of accumulated addiction (Dg∗t+1), household consumption (c∗t ),
the mother’s leisure (l∗t ), parenting input (ϕ
∗
t ), and the child’s level of ability (k
j∗
t+1).
The optimal solutions of the endogenous variables form the vector Υ∗t , such that Υ
∗
t =
(
τt, ht, it, d
g
t ,
Dgt+1, ct, lt, ϕt, k
j
t+1
)′
. These solutions depend on the model parameters Λt =
(
α, β, δ, ψ, λt, θt, ϑ, ι
)′
,
the price pd, and the exogenous variables Φt =
(
wt, It, Em, Ef , 1{fathert=1}, 1{LBW=1}, 1g{exposed=1}
)′
.
3.4 Data
The data have been taken from two independent sources: the MLS (Lester et al., 2015) and the FFCWS
(Brooks-Gunn et al., 2011). The MLS is a multisite longitudinal investigation of the development effects of
prenatal exposure to cocaine on children. The study included a cohort of 658 exposed infants and a group
of 730 unexposed comparison children. Subjects in the follow-up interviews were observed every year until
the age of sixteen.11 The FFCWS follows a cohort of nearly 5,000 unwed new parents and their children
during the first nine years to provide information on the capabilities and relationships of the parents as well
as the effects of policies on family formation and child well-being.12 The baseline data collection took place
between 1998 and 2000, with interviews of both biological parents shortly after the child’s birth. Follow-up
interviews were conducted when the children were one, three, five, and nine years old.
I use the MLS to extract micro data on maternal prenatal consumption of the three substances considered
in the model, plus annual micro data of postnatal substance consumption and the children’s non-cognitive
11Appendix C.2.1 provides a further description of the MLS data set.
12The reader might refer to appendix C.2.2 to obtain more detailed information of the FFCWS data set.
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skills. I also obtain micro data from the MLS on parents’ education, children’s low birth weights, parents’
presence in the household, and the parenting index. From the FFCWS, I obtain data on mothers’ hourly
labor supply and accepted wages, maternal time dedicated to child care, households’ total consumption,
and households’ total nonlabor income. As I describe in the estimation section, the estimation strategy
consists of using information from the MLS and complementing it with data from the FFCWS to retrieve
the parameters of the model using simulation-based estimation. The two data sets are complementary,
given that they both contain demographic characteristics, parents’ education, and income variables for the
specific population analyzed. Ideas relating to combining data sets have been in the literature for some
time. Arellano and Meghir (1992) use data from independent sources to identify and estimate structural
parameters of a labor-supply and job-search model. Angrist and Krueger (1992) combine data derived from
the 1960 and 1980 censuses to obtain instrumental variables estimators to test a schooling model. Lusardi
(1996) estimates Euler equations by combining data from the Consumer Expenditure Survey and the Panel
Study of Income Dynamics in order to obtain appropriate instrumental variables. Ridder and Moffitt (2007)
offer a general discussion of the econometrics of data combination and estimation strategies.
Figure C.1 presents the available variables in each data set during the child’s development process. The
upper panel includes the variables that correspond to the MLS. At the baseline (t = 0), we have data on
prenatal substance exposure (1g{exposed=1}), low birth weights (1{LBW=1}), and mothers’ and fathers’ edu-
cation (Emand Ef , respectively). We have yearly information of the presence of the father in the households
(1{ft=1}), and the amount of substance consumption (d
g
t , for d = {cocaine, marijuana, tobacco}).
The second panel of figure C.1 includes the available variables obtained from the FFCWS. When the
child is one year old, the FFCWS provides information of the mother’s labor supply (ht) and accepted wages
(wt). When the child is three and five years old, we also have data on maternal time (τt), the mother’s
leisure (lt), and the total household consumption (ct). Finally, when the child is nine years old, we only have
data on the amount of time that the mother dedicates to the labor market and the accepted wages.
3.4.1 Summary statistics
In this section, I discuss the main characteristics and compatibility of the two data sets. As I explain in
appendix C.2.1, the original purpose of the MLS was to study the effects of maternal cocaine consumption
during pregnancy; however, it also distinguishes the prenatal consumption of marijuana and tobacco. To
respect the main goal of the study, I split the sample into children exposed and unexposed to cocaine during
pregnancy, even though when I estimate the model I consider the other substance exposures. Of the 1,388
infants included in the MLS, I eliminate those observations that have missing data in the relevant variables
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and households whose children were sent to foster care. After applying these restrictions, our sample includes
683 observations with data until phase four of the study (when children were eleven years old). From them,
303 were children with prenatal cocaine exposure, while the remaining 380 were not exposed to cocaine.
The FFCWS has a sample size of 4,700 families, which consists of 3,600 unwed couples and 1,100 married
couples. Restricting the sample to households where none of the observations of the relevant variables during
the nine years of analysis were missing, I obtain a sample of 1,080 observations from which to extract relevant
moments in the empirical analysis.
Table C.2 presents the main characteristics of our data sets when the children were born. The first four
columns of the table compare the characteristics of the households from the MLS for exposed and unexposed
children to cocaine during the pregnancy. The last column corresponds to data from the FFCWS. The first
panel includes the maternal characteristics. We observe that in the MLS, mothers with prenatal cocaine
exposure were more likely to be African American and single. On average, when their children were born,
these mothers were three years older than mothers without cocaine exposure. There were no significant
differences in the average years of education between mothers who consumed or did not consume cocaine
during their pregnancy. The last column of table C.2 presents the descriptive statistics of the common
variables in the FFWCS (to show the compatibility).
In the second panel of table C.2, I analyze the mothers’ substance use during pregnancy. The MLS allows
us to distinguish different levels of substance use during pregnancy. Prenatal cocaine use was categorized
into “high,” “some,” and “none.” High cocaine use referred to more than three times per week in the first
trimester of pregnancy based on the mother’s report. Any other use was referred to as “some” cocaine use.
Reports of the frequency and quantity of other substances per trimester were averaged to produce indices
of the number of tobacco cigarettes smoked (heavy use means more than ten cigarettes per day), amount
of absolute alcohol consumed (heavy use, more than 0.5 ounces per day), and the number of marijuana
cigarettes smoked (heavy use, more than 0.5 per day) during the pregnancy. Mothers with prenatal cocaine
use were more likely to consume tobacco, alcohol, and marijuana during their pregnancy.
3.4.2 Postnatal substance consumption
The MLS presents detailed data on mothers’ substance consumption after delivery. The information includes
proportions and quantities of cocaine, tobacco, and marijuana consumption. Table C.3 presents the evolution
of the rates of substance consumption during the period of analysis. From the sample of mothers who
consumed cocaine during their pregnancy, only ten percent of postpartum women (whose children were less
than one year old) persisted with their prenatal consumption habits. This rate of consumption decreased
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during the following eleven years. From the unexposed mothers, there were no observations who consumed
cocaine during their children’s development. The statistics for tobacco and alcohol present higher rates of
consumption during the twelve years of analysis for both exposed and unexposed samples. Mothers who
consumed cocaine during their pregnancy showed rates of tobacco consumption above fifty percent. The
unexposed sample, however, presents consumption rates around thirty percent. In both cases, these rates
decreased with the age of their children. Marijuana use among women varied between fifteen and ten percent
(in the case of mothers who consumed cocaine during their pregnancy), and twelve and six percent in case
of the unexposed sample.
3.4.3 Control variables
The FFCWS includes data on maternal labor supply at different points in time, as well as formal and
informal child care. The household’s main characteristics are included in table C.4. We observe that when
their children were one year old, their total household income was around 25,000 dollars. This amount
increased to 32,000 when their children were nine years old.
This data set also includes information on nonlabor income, which includes government assistance pro-
grams, such as income assistance (e.g., unemployment insurance, workers’ compensation, Supplemental Se-
curity Income), and the Temporary Assistance for Needy Families program (which mandates that mothers
meet work requirements to receive benefits and limits lifetime welfare benefits to a maximum of five years).
It also includes the Supplemental Nutritional Assistance Program (commonly referred as “food stamps”),
and the Earned Income Tax Credit.
In the second panel of table C.4, I include the time allocation variables that will be necessary to construct
the mothers’ time constraint. For instance, when their children were one year old, we only have information
on the total average hours per week that the mothers provided to the labor market. At the ages of three
and five, we also obtain information of the time dedicated to their children.13 Moreover, at the ages of three
and five, we know the amount of time the children spent in formal care. The amount of time that mothers
dedicate to leisure activities reduces from an average of 39.12 hours per week when their children are three
years old to 34.37 hours when their children are five years old. However, as their children grow, mothers
dedicate more time in the labor market. Mothers work 28.08 hours per week when their children are one
year old, and 34.78 hours per week when they are nine years old. The maternal time dedicated to child care
remains invariant between the ages of three and five.
13By the application of the mother’s time constraint, we obtained, by difference, the total leisure time.
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3.4.4 Output variables
As in Kautz et al. (2014), I use the term non-cognitive skills to refer to children’s personal attributes not
measured by achievement tests. These attributes have many names in the literature, such as “personal-
ity traits,” “non-cognitive abilities,” “character skills,” “behavior,” “mental health,” and “socio-emotional
skills.” The term skills suggests that these attributes can be learned and are malleable during the first years
of the child’s life.
I consider three measures of non-cognitive skills as our output variables, all of them taken from the MLS.
The first measure is the CBCL (Achenbach, 1991a), a 100-item parental report questionnaire designed to
obtain standardized data on social-emotional problems. This report of children’s behavior includes inter-
nalizing problems (such as social withdrawal, somatic complaints, and anxiety/depression), externalizing
problems (delinquent and aggressive behaviors), and total behavior problems (scales for social, thought, and
attention problems). This measure was collected when children were three, five, seven, nine, and eleven
years old.
I also use the TRF (Achenbach, 1991b), a teacher-report measure that assesses children’s problem be-
haviors to identify eight syndromes.14 This measure allows me to assess academic performance and adaptive
functioning. The MLS collected this information when the children were seven, nine, and eleven years old.
For both the CBCL and TRF, higher scores indicate more behavior problems. I reverse the scores of these
measures to convert them into positive measures of skill.
Finally, I use the VABS (Sparrow et al., 1984), a test designed to assess personal and social functioning
from birth to adulthood. The VABS is organized around four behavior domains: communication, daily
living skills, socialization, and motor skills. Higher scores indicate better functioning in the total composite
or in each domain.
Table C.5 presents the means and standard deviations of the different measures of non-cognitive skills by
age of the child and prenatal cocaine exposure. Overall, within a particular age of the child and measure of
non-cognitive ability, there are only small, insignificant effects associated with prenatal drug exposure. No
significant differences were noted among exposed and comparison children.
14The syndromes are anxious/depressed, withdrawn/depressed, somatic complaints, social problems, thought problems, rule-
breaking behavior, and aggressive behavior syndromes, plus a hierarchical three-syndrome model for attention problems.
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3.5 Econometric strategy
3.5.1 Identification
If we could observe the child’s non-cognitive scores in two successive periods, and all the production factors for
the current period, the estimation of the production parameters would be a straightforward process.15 The
dynamic model presented in section 3.3 considers periods of one year, but the child’s scores and production
factors are available at different ages in our data sets. Therefore, there are gaps in the data that make it
impossible to estimate the parameters directly. Moreover, the model does not have analytical expressions of
moments for the endogenous variables to ease estimation.
The only way to fill in the gaps in the data is to simulate the different variables over the entire period
of analysis using a data generation process (DGP). However, it is important to highlight that the set of
defining constraints that can be written from the variables either in the MLS or FFCWS are not enough
to identify the model. For instance, the MLS does not include data for mothers’ time allocation or labor
income. The existence of a complementary data set (the FFCWS in this case) that includes information for
the additional variables of the model allows us to identify the parameters of interest.
The strategy I applied in this paper consists of simulating paths of the exogenous and endogenous
variables by shaping their trajectories according to the moments of the MLS and FFCWS. Then, with the
distributional assumptions and adopted functional forms of the technology, preference, and wage processes
parameters (described in sections 3.3 and 3.5.2) I can identify all model parameters using the data from the
MLS and FFCWS. Once the simulated data are obtained, in subsection 3.5.3, I describe how to retrieve the
estimated parameters.
3.5.2 Description of the DGP
The primitive parameters that form the vectors Λt and Φt are generated according to the following assump-
tions.
Household preference parameters are assumed to be fixed over time but different across households.
According to Becker and Murphy (1988), {αd, αdD, αc, αl, αk} are positive and {αS , αdd, αDD} are negative.
I assume that each vector αx follows a normal distribution with average µx and variance σ
2
x, for x = {d, dD,
c, l, k, D, dd, DD}. The structural parameters of the utility function are included into the vector µ, such
15This section is based on the work of Del Boca et al. (2014).
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that
µ =
[
µd, σ
2
d , µdD, σ
2
dD, µc, σ
2
c , µl, σ
2
l , µk, σ
2
k, µD, σ
2
D, µdd, σ
2
dd, µDD, σ
2
DD
]
.
The production function depends on the vectors of parameters θt,λt, and the error term 
j
k. The vector
θt is composed of shares that vary over time but not across households. Each element of the vector θt is
generated according to the following expression:
θmt = γ
m
0 + γ
m
1 × t, with m ∈ {ϕ, i, d, k}. (3.13)
Similarly, the shares of the parenting input (θϕt ) are obtained from an analogous DGP, such that
λnt = γ
n
0 + γ
n
1 × t, with n ∈ {τ, E , f}. (3.14)
The structural parameters to estimate, associated with the child’s production function of noncognitive
skills, are included in the vector γ, such that
γ =
[
γϕ0 , γ
ϕ
1 , γ
i
0, γ
i
1, γ
d
0 , γ
d
1 , γ
k
0 , γ
k
1 , γ
τ
0 , γ
τ
1 , γ
E
0 , γ
E
1 , γ
f
1 , γ
f
1
]
.
With respect to the error term, jk, I adopt a simple representation such that it follows a normal distri-
bution N (0, σ2kj ).
The wage offer presents the following structure:
lnwt = ζw,t + w, where w ∼ N (0, σ2w),∀t,
where the term ζw,t is the mean of the log wage draws of the mother at time t. The adopted empirical
specification is the following:
ln ζw,t = ζ0 + ζ1Em + ζ2Aget + ζ3Age2t ,
where Em represents the mother’s years of education (which is time invariant), and Aget and Age2t are
variables associated with the age of the mother. The vector ζ includes all the coefficients of the mean of log
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wages, such that
ζ =
[
ζ0, ζ1, ζ2, ζ3
]
.
Because the nonlabor income might not be available to the mothers every period, I adopt a functional
form that assigns either a positive amount or zero to the household. This can be represented by a truncated
version of a latent variable process, such that
I∗t = µI + I , with I ∼ N (0, σ2I ).
Hence, the actual nonlabor income is given by
It = max(0, I
∗
t ),∀t.
The other parameters to estimate are the mother’s valuation of the child’s ability at time T (ψ), the
price of the addictive substance (pd), the coefficients associated with the hyperbolic discount (β and δ),
the coefficients of the initial stock of non-cognitive ability (ζ), and the rate of depreciation of the stock
of addictive good. With the description of the DGP of the preference and productivity parameters, and
exogenous variables, the vector of structural parameters to estimate is given by
Θ =
[
µ, β, ψ, γ, σ2 , ζ, σ
2
w, µI , σ
2
I ,ϑ, p
d, ι
]
.
3.5.3 MSM estimation
As in Del Boca et al. (2014), I simulate the model forward using the initial conditions given by the chosen set
of parameters and the baseline micro data from the MLS. With the simulated vector of structural parameters
(Θ), I can obtain the model parameters (Λt), and the exogenous variables (Φt) to plug them into the analytic
expressions of Υ∗t .
16
Given that one single data set does not provide us with all the necessary moments to identify the model,
I use S ∈ {1, 2} independent data samples. In what follows, s = 1 is the indicator of the MLS and s = 2
represents the FFCWS. Let N1 and N2 represent the sample sizes of the MLS and FFCWS, respectively.
16For each period and set of parameters simulated, this step involves solving the system of equations (3.12). From the MLS,
we already have annual micro data of mothers’ current amount of substance consumption (dgt , for tobacco, marijuana, and
cocaine). This implies that the system has four equations and three unknowns. In order to obtain the solution of it, it, τt, and
ht, I solve the system of equations by minimizing the squared errors numerically. With the numerical solutions of i∗t , τ∗t , and
h∗t (plus the actual value of d
g
t ), I can obtain the remaining variables of the model.
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Then, for any sample s, I can compute the set of moments
Mˆs =
1
Ns
Ns∑
i=1
gs
(
Υsi
)
,
for some function gs(·) and observed data Υsi from the sth sample. Also, according to the DGP described in
the previous subsection, let {Υ˜si (Θ)}N(N)i=1 be the data simulated from the model with parameter Θ. Then,
the corresponding moments from the simulated data can be expressed as follows
Ms(Θ) =
1
N(Ns)
N(Ns)∑
i=1
gs
(
Υ˜si (Θ)
)
.
If there are e moments associated with the MLS, then we can construct a vector of e differences of
moments, such that M1(Θ)e×1 =
(
Mˆ1−M1(Θ)
)
. Also, from the FFCWS, we have z differences of moments
represented by M2(Θ)z×1 =
(
Mˆ2 −M2(Θ)
)
. By stacking the previous vectors into a single vector of size
(e+ z)× 1, we obtain: M(Θ) = [M1(Θ)′,M2(Θ)′]′. Then, we can recover the parameters of interest (Θ) by
minimizing the distance between the sample moments from the multiple datasets with the moments obtained
from the simulated data, such that
Θ̂ = arg min
Θ
M(Θ)′WM(Θ), (3.15)
for a given diagonal weight matrix W with elements ws obtained from each sample s.
If the analysis had involved simulation with one single source of data, Duffie and Singleton (1993)
demonstrated that simulated moment estimators converge at a rate
√
N . Moreover, Arellano and Meghir
(1992) derived the converge properties of a two-sample instrumental variables estimator. The estimation
presented in section 3.5.3 matches the simulated moments to the empirical counterparts obtained from the
data sets N1 and N2. Consistency of the MSM is not affected by the use of different data sets. By defining
N = N1 + N2, assuming that each sample s increases at proportional rate limN,Ns→∞
(√
N/
√
Ns
)
= φs
and the simulated sample sizes increase at proportional rates limN(Ns),Ns→∞(N(Ns)/Ns) = r, appendix C.5
demonstrates that
√
N(Θˆ− Θ¯) converges in distribution, such that
√
N(Θˆ− Θ¯) d−→ N (0,V),
where V =
[
D(Θˆ)′WD(Θ0)
]−1D(Θˆ)′WQ0W [D(Θˆ)′WD(Θ0)]−1. The matrix V depends on D (which is the
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derivative of M(Θ) with respect to Θ), and Q0 =
φ21(1 + 1/r)V ar[Mˆ1] 0
0 φ22
(
1 + 1/r
)
V ar[Mˆ2]
.
3.5.4 Identification
The identification strategy relies on selecting moments that are sensitive to small variations in the structural
parameters. To recover the basic trends of the investment variables, the consumption of the addictive
and nonaddictive goods, and the non-cognitive ability of the children, I use as moments the averages and
standard deviations of these choices and children’s non-cognitive scores by age. The mothers’ preference
parameters as well as the trade-offs between mothers’ employment and child-care time and maternal time
and substance consumption are analyzed by the correlation between the measure of non-cognitive ability
and maternal substance consumption and between parenting index and the price of the substance. I also
use the correlations between maternal care and wages and labor supply and maternal time. Appendix C.4
presents a list with a description of each of the selected moments.
3.6 Results
3.6.1 Household preference parameters
The model covers periods of one year starting from the birth of the child until they reach the age of twelve.
As mothers possess time-inconsistent preferences for addictive goods, it is important to specify the discount
factors. The parameter δ will be set at 0.95; however, the parameter β will be estimated. I estimate three
separate sets of models: for each outcome variable (kCBCLt , k
TRF
t , and k
V ABS
t ), I analyze the effects of the
postnatal maternal substance consumption (dcocainet , d
marijuana
t , and d
tobacco
t ). Therefore, I present nine
different estimates of the structural parameters.
Table ?? presents the estimates of the time-invariant preference parameters for the addictive goods. As
discussed previously, I allow for heterogeneity in preferences. For a better interpretation, the table presents
the means and standard deviations of the preference parameters.
In terms of the average household preference weights, households put almost identical weights on the three
outcomes considered for each addictive good. First of all, we observe that the parameters of the addictive
goods have the expected signs, that is, αd > 0. This parameter can be interpreted as the weight that the
household has for the addictive good dgt , for g ∈ {cocaine,marijuana, tobacco}. The average weights of the
current consumption of cocaine are 0.812, 0.721, and 0.441, for the CBCL, TRF, and VABS, respectively.
The estimates decrease when we analyze tobacco and marijuana. For instance, the coefficient of marijuana
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for the CBCL is equal to 0.617, and the coefficient for tobacco goes to 0.316. The estimated parameters of
the current consumption exceed (in absolute value) the weight put on the stock of the addictive good. This
pattern can be observed in all three addictive goods considered.
Our parameter of interest is αdD, the measure of the effect of past consumption on the marginal utility
of current consumption of substance. We do not observe significant differences among the three outcomes
for cocaine consumption. However, we observe that the weight decreases considerably when we analyze the
cases of tobacco and marijuana, regardless of the considered outcome variable. Our estimates are positive,
indicating that mothers present an addictive behavior with respect to the addictive good. Table ?? also
includes the estimates of the weight on consumption, leisure, and the non-cognitive skills measurement.
Even though the parameters are non comparable, we observe that the coefficients are positive and carry less
weight in the child’s current level of ability in the case of cocaine, but the weight put on these nonaddictive
goods are higher for tobacco and marijuana.
The scaling factors, applied to the terminal valuation of child quality (ψ), are included in the last row
of table ??. The estimated coefficients indicate that households put considerable weight on the terminal
valuation of the child’s ability, especially when estimating the model for tobacco. This coefficient implies
that households highly value child quality both in terms of flow utility and terminal value, where the terminal
condition here is considered at the end of this development process. Therefore, a high value of ψ indicates
that the child’s output serves as a relevant initial condition for the following development processes. Table
?? also includes the estimate of the the short-run discount factor (β). This coefficient affects mainly the
short run decisions, such as those involving trade-off between current substance consumption, investment in
child development, and labor supply. When β = 1, the mother has exponential discounting, which implies
that she is a dynamic consistent agent. The estimates of the present-bias factor are strictly less than one.
In the case of cocaine, the estimates achieves their minimum. The estimates of tobacco and marijuana do
not differ across the different models.
3.6.2 Child quality technology parameters
The main objective of this section is to analyze the contribution of each factor on the child’s development
outcome. The parameters of interest are the coefficients θdt , θ
ϕ
t , θ
i
t, and θ
k
t . Because of the adopted functional
form, these parameters can be interpreted as elasticities. These parameters vary with the age of the child in
order to reflect the different marginal contribution they might have on the non-cognitive ability at different
stages of the child’s development process.
According to the adopted functional forms, specified in equations (3.13), the productivity parameters
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depend on the structural parameters γ. For example, θdt is obtained by a linear representation, such that
γd0 + γ
d
1 × t. The interpretation of these structural parameters is the following: γd0 is the intercept of the
technology parameter θdt , and γ
d
1 is the slope of the time trend. This specification allows us to obtain
technology parameters that either increase or decrease with the age of the child. Some inputs are expected
to be more productive than others to the child’s non-cognitive skills at a particular age. Table C.7 includes
the estimated structural parameters of the child’s production function of ability that are represented in
figure C.7. We observe that the parenting input is one of the more important factors in the production of
children’s non-cognitive skills during the first years of the children. The productivity of this factor decreases
with the age of the child, which indicates that as the child grows, other factors become more relevant in the
production of non-cognitive skills. The parental input presents a homogenous effect on the different measures
of non-cognitive skills and under the effects of the three substances consumed by the mother. The coefficient
starts with an elasticity between 0.60 and 0.40 when the child is at the age of one, and achieves a value close
to zero in the three measures of non-cognitive skills when the mother consumes cocaine. Similar patterns
can be observed in the case of marijuana, but not for tobacco. This last result indicates that children of
mothers who consume tobacco do not seem to be affected by their mothers’ habits.
Also, as the child grows, the investment in child development factor presents a positive and increasing
impact on the child’s ability. These results reflect the importance of investment in child development. During
the first years of the child’s development process, this factor presents a negligible contribution on the child’s
ability. Even though the data do not allow me to construct a more detailed measure of investment on child
development, it is important to emphasize that, by construction, this variable includes investment in soft
and hard components that help the development process: for instance, formal child care, toys, books, and
recreational activities.
Additionally, for each measure of skill, the increasing productivity of the current level of skill indicates the
cumulative process of child development. By the time the child is over five years old, the child’s current level
of ability is the most productive factor in each of the measures of non-cognitive skills. Similar conclusions,
but for measures of cognitive skills, were found by Del Boca et al. (2014), who consider a production function
of ability depending on the time that parents dedicate to their children and investment on child development.
The coefficient θdt measures the effect of a mother’s current consumption of an addictive good on her
child’s non-cognitive ability. The current consumption of substance presents a negative impact on the
measure of the child’s non-cognitive skills. The effect varies in magnitude by the type of measure, substance
consumed by the mother, and age of the child. The CBCL is the measure of skill most affected by the
mother’s consumption of cocaine. The elasticity is equal to -0.54 when the child is one year old and achieves
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a value of -0.38 by the time the child is twelve. The TRF and VABS present similar patterns with respect
to this substance, but the magnitudes are smaller compared to the previous case.
The effects of current maternal consumption of marijuana on the child’s ability are included in the second
columns of the graphs of figure C.7. This substance presents smaller negative effects on the child compared
to the consumption of cocaine. The elasticities at the age of one are equal to -0.14, -0.13, and -0.10, for the
CBCL, TRF, and VABS, respectively. In the three cases, the coefficients are close zero as the child is twelve
years old. Finally, in the third column of figure C.7, we observe that the effects of tobacco consumption on
the child’s output are similar to the estimates of marijuana.
By analyzing these results, we observe that maternal substance consumption negatively affects the child’s
development, with stronger effects for young children and with differences according to the type of substance
consumed. However, these effects reduce as the child grows, and in the case of tobacco consumption, get
close to zero by the time the child reaches the age of twelve. These results are in line with the conclusions
obtained by DiFranza et al. (2004) and Cornelius and Day (2000), who analyze the effects of tobacco, and
Frank and Meara (2009), who focus on the effects of maternal marijuana consumption on child development.
3.6.3 Parenting input technology parameters
Table C.8 includes the estimation results of the structural parameters (γj0 and γ
j
1 ∈ for j ∈ {τ, E , f}) of the
parenting input (ϕt), and figure C.8 presents the evolution of the coefficients (λ
j
t for j ∈ {τ, E , f}) associated
with ϕt.
Among the three factors I consider for the parenting input, maternal time is the most relevant for the
child’s development process. The result indicates that the time the mother spends with her child contributes
to the quality of parenting. The magnitude of the effect of the maternal time differ by the type of substance
consumed but not by the child’s outcome. For instance, in the case of cocaine, maternal time has a smaller
contribution to the parenting input than in the case of marijuana and tobacco.
The mother’s education is another factor of the parenting input that tries to capture the quality of the
parenting the mother offers to her child. The contribution of this factor increases with the age of the child,
indicating that as the child grows, his or her mother’s education becomes more beneficial for his or her
development process.
Finally, the coefficient associated with the presence of a father in the household tries to capture the
effect of family disruption on the child, and determine whether the role of the father can compensate for
the effects of maternal substance consumption on the child. According to the results, children who live
with their fathers in their household present higher levels of parenting quality compared to children who
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live without their fathers in their household. These results have an indirect positive effect on the children’s
non-cognitive scores. Chatterji and Markowitz (2001), and Frank and Meara (2009) analyze the direct effects
of the presence of fathers in the households on their children’s mental health. Their results indicate that, in
households where both parents cohabitate, children have fewer behavioral problems.
3.6.4 Parameters of wages, nonlabor income, price, depreciation, and initial
conditions
Table C.9 presents the parameter estimates of the mothers’ wages, and nonlabor income. The parameter ζ1
represents the increment in the logarithm of the wage offer according to a mother’s years of education. The
parameters ζ2 and ζ3 reflect the standard concavity feature of the income process with respect to the age of
the mother. According to the DGP, nonlabor income presents a truncated distribution. The average of the
latent nonlabor income is equal to 3.130, and the estimated variance is equal to 181.163.
In table C.10, I include the estimations of the price of substance consumption, depreciation rate of the
stock of addiction, and the parameters of the initial condition of their children’s non-cognitive skills. The
estimated prices of the substances differ among the substances analyzed, but not much for each outcomes.
The average price of one cigarette ranges between $0.271 and $0.211. According to Xu et al. (2013), the
average price per pack paid by smokers in the U.S was $5.76. If the pack contains twenty cigarettes, this
gives us an average price equal to $0.288 per cigarette. Our estimations of the price of marijuana are between
$4.001 and $4.336. Mariani et al. (2011) establish that the typical weight of a marijuana cigarette is 0.66
grams, and the average price per gram is $6.81; the average dose costs $3.50. Finally, UNODC (2014)
established that average price of a gram of cocaine was around $150. According to the table C.3, postnatal
consumption ranges between 0.099 and 0.020, and the estimated price of cocaine (presented in table C.10)
are between $15.211 and $15.221.
The estimated results of the coefficient ϑ suggest that demographic characteristics and maternal sub-
stance consumption present at delivery are relevant factors that affect children’s future ability, and can also
help identify those women who will be unable to provide consistent care to their infants. Parents’ education
levels are proxies for the quality of parenting they can provide to their children. The low birth weight
indicator tries to capture the initial physical condition of a child as well as indicate whether the child was
exposed to a substance during the pregnancy period.
From the results, we observe that initial exposure to substances has the strongest effect on a child’s initial
level of skill. The results differ by the type of substance, with cocaine being the most harmful to the child.
Parents’ education levels present modest effects on their children’s non-cognitive skills. Finally, having a low
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birth weight presents a strong negative effect on the child’s initial level of ability.
3.6.5 With-in-sample fit
Table C.11 shows the sample fit of the endogenous variables of the model. The table presents the averages
of the main variables of the model for the ages birth to five, six to nine, and ten to twelve years old. In
general, the model fits the data well.
3.7 Comparative statics exercises
In this section I use the point estimates to perform a number of comparative statics exercises to analyze the
consequences of each exercise on the maternal labor supply, the current level of consumption of the addictive
good, the mother’s leisure time, and the child’s developmental outcome. Because this paper considers
measures of non-cognitive ability that do not differ considerably, we focus attention on the CBCL.
3.7.1 Initial stock of addiction set to zero
This exercise consists of analyzing an hypothetical scenario where mothers did not consume substance during
their pregnancy. However, They may or may not decide to consume substances after they give birth to their
children. Table C.12 includes the the averages of the main endogenous variables of the model. We observe
that no substance consumption during pregnancy is associated with a considerable decrease in the postnatal
substance consumption. In particular, this effect is more evident in the case of cocaine and marijuana. Also,
the mothers’ labor supplies increase for the three addictive goods considered which allow them to offer more
hours in the labor market and to increase their total household income. Finally, the time they dedicate to
their children increases, but there is a consequent reduction in their leisure time. The results are coincident
with an extensive literature that analyzes the pervasive effects of substance use on different populations.17
3.7.2 Initial stock of addiction set to the maximum observed value
In this section, I analyze the consequences on the child’s development when all the mothers in our sample
consumed substances during their pregnancy at the highest level identified in the data set. Compared
to the previous scenario, this counterfactual exercise presents more pervasive effects on child development
outcomes, and mothers’ labor supply. Compared to the baseline statistics, the CBCL for cocaine, marijuana,
and tobacco are 30, 28, and 35 percent smaller, respectively. As discussed previously, prenatal substance
17A few references include Zarkin et al. (1998), Buchmueller and Zuvekas (1998), and Kaestner (1999).
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consumption is highly correlated with the postnatal consumption. This result is reflected in the average
postnatal consumption in table C.12. Current consumption of the three substances analyzed increase for
the three age ranges considered (0-5, 6-9, and 10-12).
3.7.3 Free addictive goods
In this setting, I consider the possibility that the substance can be consumed for free, that is, pd = 0.
According to the results included in table C.12, postnatal consumption of cocaine increases by ten percent
for the child’s age range zero to five. Also, the mother’s labor supply reduces by five percent, which lets the
mother spend more time on leisure activities. The consequent effect on the child’s developmental outcome is
that it reduces by eight percent compared to the baseline. Similar conclusions, but with different magnitudes,
can be observed for the case of marijuana in children that are younger than five years old. Finally, in the case
of tobacco, mothers’ current consumption for children under five does not present a considerable increase;
however, their current average consumption of tobacco increases when their children are over six. This
increase in the consumption of tobacco does not affect the mothers’ labor supply considerably.
The results obtained in this section are consistent with many studies in the literature. Prenatal and
postnatal exposure to maternal substance consumption negatively affect children’s non-cognitive outcomes.
The effects of postnatal exposure are stronger in the cases where initial prenatal exposure was present.
Despite the fact that our study applies a structural model, these results have been analyzed with reduced
forms strategies in the case of maternal consumption of cigarettes (Butler and Goldstein, 1973; Fergusson
et al., 1993, and Dunn et al., 1977), cocaine (Eiden et al. 2011), and marijuana (Minnes et al., 2011).
3.8 Conclusion
The paper presents a model of simultaneous household decisions in households where mothers consume
substances to analyze the effects of these decisions on children’s non-cognitive skills. I combine two data sets
(the MLS, which describes maternal substance consumption and child’s non-cognitive skills, and the FFCWS,
which contains information on parenting and labor supply variables) to create a sample that represents the
population of interest in the analysis. Because of the number of variables considered and impossibility of
applying reduced forms strategies, I use a structural model to study how children’s living conditions affect
their non-cogntive skills. Moreover, the model accounts for time inconsistency of the mothers’ preferences
by including hyperbolic form to discount future flows of cost and benefits. Households’ living conditions
are determined by the mothers’ current substance consumption. These habits have stronger negative effects
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on children when there was prenatal consumption of substance, in particular, in the case of cocaine and
marijuana. The results also indicate that current consumption of cocaine and marijuana has negative
consequences on mothers’ labor supplies.
The negative effects of mothers’ substance consumption on children’s development can be ameliorated
by factors such as maternal care, mother’s education, and the presence of a father in the household. The
magnitude of the effect of the maternal time on child’s development differs by the type of substance consumed
but not by the child’s ability.
The two main channels analyzed in this paper are the direct effect of the mother’s consumption of
substance, with the strongest effects found for cocaine and most minimal for tobacco, and the decreasing
quality of parenting factor. These findings have important policy implications. According to the first channel,
we can infer, to some extent, the child’s current environment, while in the second channel we can observe
the effects of the mother’s current parenting skills and time investments on the child’s ability. Policies
that reduce current maternal substance use, therefore, should be effective in reducing children’s behavior
problems as measured by their non-cognitive skills. However, while these results suggest that children are
adaptable and that effective public policy in this area can indeed improve children’s non- cognitive skills, the
findings do not necessarily rule out the possibility that maternal substance use permanently harms children’s
mental health.
Further research can focus on the determinants and consequences of children placed in foster care because
of their mothers’ substance abuse. In those cases, we can analyze whether the new living conditions provides
a better context to improve the children’s outcomes. Also, the analysis might incorporate the distinction of
foster care provided by public institutions or with the children’s close relatives. Moreover, more quality data
can offer the possibility of analyzing the fathers’ role in a households where mothers consumes substances.
The father may provide further support to the children or trigger the mother’s habits.
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Appendix for Chapter 1
A.1 Tables
Table A.1: Malnutrition prevalence (% of children under 5)
1977 1989 1992 1997 1999 2006
Height for age 75.1 66.2 57.1 48.5 51.0 47.9
Height for age, female 55.7 50.9 48.0
Height for age, male 58.5 51.2 47.9
Source: The World Bank (2013)
Table A.2: School enrollment, primary (% net)
Year 1971 1990 2000 2001 2002 2003 2007 2008 2009 2010 2011
60.83 78.25 81.20 81.19 80.91 85.78 93.29 93.44 93.94 93.95 93.34
Source: The World Bank (2013)
Table A.3: Panel Structure
Young cohort Old cohort
Round 1 survey 2002 6-18 months n1 = 2011 7-8 years n2 = 1008
Round 2 survey 2006-07 4-5 years n1 = 1950 11-12 years n2 = 994
Round 3 survey 2009 7-8 years n1 = 1951 14-15 years n2 = 986
Panel n1 = 1950 n2 = 985
Table A.4: Log of the amount spent on child’s clothing in Round 3, by quartile of wealth index
Quartile Young cohort Old cohort
1 7.382 7.698
2 7.598 7.778
3 7.714 7.889
4 8.028 8.129
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Table A.5: Summary statistics. Mean and Standard deviation of the main variables
Round II Round III School data
Young cohort Old cohort Young cohort Old cohort
Mean SD Mean SD Mean SD Mean SD Mean SD
PPVT, hit 27.54 21.29 91.22 23.84 58.34 30.63 129.92 40.53 56.64 29.9
Log child clothing 7 0.84 7.42 0.78 7.68 0.77 7.86 0.69 7.73 0.72
Individual characteristics
Child age in months 64.32 3.86 147.99 4.23 96.03 3.92 179.9 4.11 95.98 3.94
Male 0.54 0.5 0.49 0.5 0.54 0.5 0.5 0.5 0.56 0.5
Height-for-age z-score -1.64 1.1 -1.63 1.7 -1.42 1.19 -1.65 1.05 -1.52 1.03
Home inputs
Urban 0.26 0.44 0.27 0.44 0.27 0.45 0.26 0.44 0.24 0.43
Household size 5.48 2.2 5.19 1.84 5.43 2.26 5.04 1.89 5.6 2.51
Household head male 0.94 0.16 0.91 0.24 0.94 0.16 0.9 0.25 0.93 0.18
Mother age in years 26.49 4.77 32.87 7.56 29.49 4.8 35.84 7.78 29.85 5
Socioeconomic factors
Mother years educ. 3.8 4.66 2.82 4.29 3.77 4.67 2.77 4.27 3.33 4.37
Father years educ. 5.77 5.35 4.82 5.31 5.76 5.37 4.81 5.31 5.47 5.28
Wealth index 0.46 0.2 0.48 0.2 0.45 0.19 0.46 0.18 0.44 0.18
School inputs
Enrolled 0.41 0.49 0.9 0.3 0.99 0.09 0.77 0.42 1 0.05
Private school 0.09 0.29 0.25 0.44 0.46 0.5 0.29 0.45 0.47 0.5
Public school 0.3 0.46 0.59 0.49 0.53 0.5 0.48 0.5 0.52 0.5
Other school 0.02 0.12 0.05 0.22 0.01 0.09 0.01 0.07 0.01 0.07
Class size 24.77 13.79
Teacher, english knowledge 0.98 0.13
Teacher employed on a regular basis 0.37 0.48
Teacher years of experience 5.47 9.06
Training last academic year 0.39 0.49
Teacher salary 7083.45 7450.94
Observations 1,733 872 1,805 896 744
Table A.6: Mean difference of the OLS and LP parameter estimates.
Full sample Young cohort Old cohort
Diff. p-value Diff. p-value Diff. p-value
Child age in months 0.039 0.000 0.042 0.000 0.115 0.000
Male 0.288 0.000 0.151 0.000 0.527 0.000
Height-for-age 0.062 0.001 0.057 0.000 0.084 0.000
Urban 0.201 0.003 -0.024 0.385 0.321 0.001
Household size 0.249 0.000 0.171 0.000 0.303 0.000
Household head male 0.231 0.010 -0.225 0.000 -0.168 0.288
Mother age in years 0.007 0.040 0.014 0.000 -0.019 0.012
Internet access home 0.170 0.019 0.469 0.001 -0.244 0.036
Mother education 0.111 0.000 0.023 0.000 0.266 0.000
Father education 0.039 0.000 0.009 0.002 0.031 0.033
Wealth index 0.055 0.017 1.523 0.000 -1.570 0.001
Enrolled 1.127 0.000 -0.153 0.000 2.392 0.000
Private school 1.561 0.000 0.445 0.000 1.699 0.000
Other school -1.094 0.000 0.264 0.016 0.966 0.001
hit−1 -0.125 0.000 -0.130 0.000 -0.367 0.000
Mean difference between the OLS and LP parameter estimates obtained from 200 boot-
strapped samples to detect overestimation (β̂OLS − β̂LP > 0) or underestimation (β̂OLS −
β̂LP ¡0).
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A.2 Figures
Figure A.1: Human Development Index in India, 2011. Source: Gandhi et al. (2011)
Figure A.2: Pooled average PPVT score by age and gender
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(a) Round 2 (b) Round 3
Figure A.3: PPVT Score by Age and Wealth Quartile
(a) Mother’s Education, Round 2 (b) Mother’s Education, Round 3
(c) Stunting Status, Round 2 (d) Stunting Status, Round 3
Figure A.4: PPVT Score and Height-for-age z-score by Age
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Figure A.5: ηi,t as a function of hi,t−1 and ιi,t
A.3 Potential bias of estimating equation (1.2) with OLS
Accounting Ξit for all the inputs, the function looks like:
hit = β0 + β1Ξit + β2hit−1 + ηit + it︸ ︷︷ ︸
µit
. (A.1)
Then, the solution for βˆ1 is:
βˆ1 =
n∑
i=1
(Ξit − Ξ¯t)(hit − h¯t)
n∑
i=1
(hit−1 − h¯t−1)2 −
n∑
i=1
(hit−1 − h¯t−1)(hit − h¯t)
n∑
i=1
(hit−1 − h¯t−1)(Ξit − Ξ¯t)
n∑
i=1
(Ξit − Ξ¯t)2
n∑
i=1
(hit−1 − h¯t−1)2 −
(
n∑
i=1
(hit−1 − h¯t−1)(Ξit − Ξ¯t)
)2 .
Substracting the true β and taking expectation, E[βˆ1−β1] = σht−1ht−1σΞησht−1ht−1σΞΞ−σ2ht−1Ξ −
σht−1Ξσht−1η
σht−1ht−1σΞΞ−σ2ht−1Ξ
.
We might have that: 1) If only Ξit is correlated with ηit, and hit−1 is not correlated with Ξit (σΞη > 0 and
σΞht−1 = 0), then βˆ1 will be overestimated, while βˆ2 will be unbiased. 2) If only Ξit is correlated with ηit,
and hit−1 with Ξit (σΞη > 0 and σΞht−1 > 0), then βˆ2 will be underestimated. 3) If only σΞht−1 > 0, and
σΞη > σht−1η, then βˆ1 will be overestimated, and βˆ2 will be underestimated.
A.4 Description of the Variables
• PPVT (hit): It is a test of receptive vocabulary developed in 1959 (Dunn et al. (1997)). It provides an
estimate of the child’s verbal ability. This variable is used to identify the child’s achievement during his
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learning process. The Young Lives study, starting from the Round II, uses the PPVT-III to evaluate
both cohorts. The test was translated to Telegu and verified by a local expert before the pilot study
conducted prior to Round 2 of data collection.
• Child clothing (Proxy): log of money value in Rupees of the total amount purchased by the household
in the last 12 months for clothing.
• Male, Urban, Household head male, and Enrolled are [0,1] variables.
• Private school: child attending a private institution. [0,1] variable.
• Public school: child attending a public school run by the government. [0,1] variable.
• Other school: child attending public community school (NGO/charity/church, not-for-profit), informal
community (e.g. mothers’ cooperative), vocational school, charitable trust, bridge school or other type.
[0,1] variable.
• Class size: number of children enrolled in the class section.
• Teacher, english knowledge: did the teacher study english. [0,1] variable.
• Teacher employed on a regular basis, otherwise employed on a temporary basis. [0,1] variable.
• Teacher years of experience, number of years working as a teacher.
• Training last academic year: if the teacher received any training during the last academic year (2009-
10). [0,1] variable.
• Teacher salary: current gross salary per month in Rupees.
• Wealth Index: measures the quality of the socioeconomic status of the household. This variable it’s
constructed by the Young Lives research team. It is the average of three different indexes1:
– Housing Quality Index (HQI): i) Number of rooms divided by number of household member (if
it is greater than 1, it is truncated to 1). ii) Floor quality, it has a value of 1 if the floor is made
of cement or tile, 0 otherwise. iii) Roof quality, it corresponds a value of 1 if the roof is made of
iron, concrete or slates, 0 otherwise. iv) Wall quality, 1 if the wall is made of brick or plaster, 0
otherwise. Then HQI = (i+ ii+ iii+ iv)/4.
– Consumer Durables Index (CDI), constructed from the means of ownership of radio, fridge, bike,
tv set, car, phone, fan, sofa, video, dryer.
– Housing Services Index (HSI): constructed from the means of access to electricity, water, toilet
and cooking fuel.
The obtained coefficient ranges between 0 and 1, where a higher wealth index represents a higher
socioeconomic status.
1As a robustness check, I calculate a wealth index using Principal component analysis. The results didn’t change with the
application of this method.
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• Height-for-age z-score. This is the z-score of the relation of height for age, as a measure of malnutrition.
• Mother and Father years of education represent the number of completed years of education, to account
for parents’ education status.
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Appendix B
Appendix for Chapter 2
B.1 Model solution
B.1.1 Solution of the endogenous variables
Replacing the time and budget constraints, and the production functions of skills into the maximization
problem at time T (equation 2.8), we obtain:
VT (k
C
T , k
S
T , wT , QT ) = max
hT ,xT ,piT ,νT
αl ln[Γ
m − (Γc − νT − piT )− hT ] +
+αc ln[wThT +QT − xT − ppipiT − pννT ] +
+αC ln k
C
T + αS ln k
S
T + βET
[
αl ln lT+1 + αc ln cT+1 +
+ψαC
(
δτT ln(Γ
c − νT − piT ) + δxT lnxT + δνT ln νT +
+δpiT lnpiT + δ
C
T ln k
C
T + δ
S
T ln k
S
T
)
+
+ψαS
(
φτT ln(Γ
c − νT − piT ) + φxT lnxT + φνT ln νT +
+φpiT lnpiT + φ
S
T ln k
S
T + φ
C
T ln k
C
T
)
+ βET+1V˜T+2
]
(B.1)
The FOCs of (B.1) with respect to hT , νT , piT and xT are the following:
hT :
−αl
Γm − (Γc − νT − piT )− hT +
αcwT
wThT +QT − xT − ppipiT − pννT = 0
(B.2)
νT :
αl
Γm − (Γc − νT − piT )− hT −
αcpν
wThT +QT − xT − ppipiT − pννT +
+βψαC
(
δνT
νT
− δ
τ
T
Γc − νT − piT
)
+ βψαS
(
φνT
νT
− φ
τ
T
Γc − νT − piT
)
= 0
(B.3)
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piT :
αl
Γm − (Γc − νT − piT )− hT −
αcppi
wThT +QT − xT − ppipiT − pννT +
+βψαC
(
δpiT
piT
− δ
τ
T
Γc − νT − piT
)
+ βψαS
(
φpiT
piT
− φ
τ
T
Γc − νT − piT
)
= 0
(B.4)
xT :
−αc
wThT +QT − xT − ppipiT − pννT + βψαC
δxT
xT
+ βψαS
φxT
xT
= 0 (B.5)
Solving equation (B.5) for xT , we obtain
xT =
β
(
ψαCδ
x
T + ψαSφ
x
T
)
αc + β
(
ψαCδxT + ψαSφ
x
T
) (wThT +QT − ppipiT − pννT ) (B.6)
Defining λxT =
β
(
ωCT+1δ
x
T+ω
S
T+1φ
x
T
)
αc+β
(
ωCT+1δ
x
T+ω
S
T+1φ
x
T
) , replacing expression (B.6) into equation (B.2), and solving for hT ,
we obtain:
hT =
αcwT
(
Γm − Γc + νT + piT
)− αl(1− λxT )(QT − ppipiT − pννT )
wT
(
αl(1− λxT ) + αc
) (B.7)
Plugging this expression into equation (B.6), we obtain the solution of xT depending on νT and piT :
xT = λ
x
Tαc
[
wT
(
Γm − Γc + νT + piT
)
+
(
QT − ppipiT − pννT
)
αl(1− λxT ) + αc
]
(B.8)
We replace the expressions (B.8) and (B.7) in equations (B.3) and (B.4). Then, we obtain the following
system of nonlinear equations:
αl(1− λxT ) + αc
(1− λxT )
[
wT
(
Γm − Γc + νT + piT
)
+QT − ppipiT − pννT
] (wT − pν) +
+β
(
ψαCδ
ν
T + ψαSφ
ν
T
νT
− ψαCδ
τ
T + ψαSφ
τ
T
Γc − νT − piT
)
= 0 (B.9)
αl(1− λxT ) + αc
(1− λxT )
[
wT
(
Γm − Γc + νT + piT
)
+QT − ppipiT − pννT
] (wT − ppi) +
+β
(
ψαCδ
pi
T + ψαSφ
pi
T
piT
− ψαCδ
τ
T + ψαSφ
τ
T
Γc − νT − piT
)
= 0 (B.10)
By solving numerically the system of equations we obtain the optimal solutions of ν∗T and pi
∗
T . Then, we
can replace ν∗T and pi
∗
T in the equations (B.7) and (B.8) to obtain h
∗
T and x
∗
T , respectively. τ
∗
T , l
∗
T , and c
∗
T
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are obtained by replacing ν∗T , pi
∗
T , x
∗
T , and h
∗
T , into the time and budget constraints, such that:
τ∗T = Γ
c − ν∗T − pi∗T
l∗T = Γ
m − h∗T − τ∗T
c∗T = wTh
∗
T +QT − x∗T − pνν∗T − ppipi∗T
The optimal solutions of the child investment are obtained as follows:
kCT+1 = (τT )
δτT (xT )
δxT (νT )
δνT (piT )
δpiT (kCT )
δCT (kST )
δST ,
kST+1 = (τT )
φτT (xT )
φxT (νT )
φνT (piT )
φpiT (kST )
φST (kCT )
φCT .
The remaining periods periods are obtained with the same methodology.
B.1.2 Analytic solution at time T , extended model
VT (k
C
T , k
S
T , wT , QT ) = max
hT ,xT ,piT ,νHT ,ν
K
T
αl ln[Γ
m − (Γc − νHT − νKT − piT )− hT ] +
+αc ln[wThT +QT − xT − pHν νHT − pKν νKT − ppipiT ] +
+αC ln k
C
T + αS ln k
S
T + βET
[
αl ln lT+1 + αc ln cT+1 +
+ψαC
(
δτT ln(Γ
c − νHT − νKT − piT ) + δxt lnxt +
+δHt ln ν
H
t + δ
K
t ln ν
K
t + δ
pi
T lnpiT + δ
C
T ln k
C
T + δ
S
T ln k
S
T
)
+
+ψαS
(
φτT ln(Γ
c − νHT − νKT − piT ) + φxT lnxT +
+φHt ln ν
H
t + φ
K
t ln ν
K
t + φ
pi
T lnpiT + φ
S
T ln k
S
T + φ
C
T ln k
C
T
)
+
+βET+1V˜T+2
]
(B.11)
The FOCs of (B.11) with respect to hT , ν
H
T , ν
K
T , piT and xT are the following:
hT :
−αl
Γm − (Γc − νHT − νKT − piT )− hT
+
αcwT
wThT +QT − xT − pHν νHT − pKν νKT − ppipiT
= 0
(B.12)
νHT :
αl
Γm − (Γc − νHT − νKT − piT )− hT
− αcp
H
ν
wThT +QT − xT − pHν νHT − pKν νKT − ppipiT
+
+βψαC
(
δHT
νHT
− δ
τ
T
Γc − νHT − νKT − piT
)
+ βψαS
(
φHT
νHT
− φ
τ
T
Γc − νHT − νKT − piT
)
= 0
(B.13)
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νKT :
αl
Γm − (Γc − νHT − νKT − piT )− hT
− αcp
K
ν
wThT +QT − xT − pHν νHT − pKν νKT − ppipiT
+
+βψαC
(
δKT
νKT
− δ
τ
T
Γc − νHT − νKT − piT
)
+ βψαS
(
φKT
νKT
− φ
τ
T
Γc − νHT − νKT − piT
)
= 0
(B.14)
piT :
αl
Γm − (Γc − νHT − νKT − piT )− hT
− αcppi
wThT +QT − xT − pHν νHT − pKν νKT − ppipiT
+
+βψαC
(
δpiT
piT
− δ
τ
T
Γc − νHT − νKT − piT
)
+ βψαS
(
φpiT
piT
− φ
τ
T
Γc − νHT − νKT − piT
)
= 0
(B.15)
xT :
−αc
wThT +QT − xT − pHν νHT − pKν νKT − ppipiT
+ βψαC
δxT
xT
+ βψαS
φxT
xT
= 0 (B.16)
Solving equation (B.16) for xT , we obtain
xT =
β
(
ψαCδ
x
T + ψαSφ
x
T
)
αc + β
(
ψαCδxT + ψαSφ
x
T
) (wThT +QT − pHν νHT − pKν νKT − ppipiT )
(B.17)
Defining λxT =
β
(
ωCT+1δ
x
T+ω
S
T+1φ
x
T
)
αc+β
(
ωCT+1δ
x
T+ω
S
T+1φ
x
T
) , replacing expression (B.17) into equation (B.12), and solving for
hT , we obtain:
hT =
αcwT
(
Γm − (Γc − νHT − νKT − piT )
)− αl(1− λxT )(QT − pHν νHT − pKν νKT − ppipiT )
wT
(
αl(1− λxT ) + αc
)
(B.18)
Plugging this expression into equation (B.17), we obtain the solution of xT depending on ν
H
T , ν
K
T and
piT :
xT = λ
x
Tαc
[
wT
(
Γm − (Γc − νHT − νKT − piT )
)
+
(
QT − pHν νHT − pKν νKT − ppipiT
)
αl(1− λxT ) + αc
]
(B.19)
We replace the expressions (B.19) and (B.18) in equations (B.13), (B.14), and (B.15). Then, we obtain
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the following system of nonlinear equations:
Π(wT − pHν ) + β
(
ψαCδ
H
T + ψαSφ
H
T
νHT
− ψαCδ
τ
T + ψαSφ
τ
T
Γc − νHT − νKT − piT
)
= 0 (B.20)
Π(wT − pKν ) + β
(
ψαCδ
K
T + ψαSφ
K
T
νKT
− ψαCδ
τ
T + ψαSφ
τ
T
Γc − νHT − νKT − piT
)
= 0 (B.21)
Π(wT − ppi) + β
(
ψαCδ
pi
T + ψαSφ
pi
T
piT
− ψαCδ
τ
T + ψαSφ
τ
T
Γc − νHT − νKT − piT
)
= 0 (B.22)
where Π =
αl(1−λxT )+αc
(1−λxT )
[
wT
(
Γm−(Γc−νHT −νKT −piT )
)
+QT−pHν νHT −pKν νKT −ppipiT
] . By solving numerically the system of
equations we obtain the optimal solutions of νHT
∗
, νKT
∗
and pi∗T . Then, we can replace them in equations
(B.18) and (B.19) to obtain h∗T and x
∗
T , respectively. τ
∗
T , l
∗
T , and c
∗
T are obtained by replacing ν
H
T
∗
, νKT
∗
,
pi∗T , x
∗
T , and h
∗
T , into the time and budget constraints, such that:
τ∗T = Γ
c − νHT
∗ − νKT
∗ − pi∗T
l∗T = Γ
m − h∗T − τ∗T
c∗T = wTh
∗
T +QT − x∗T − pHν νHT
∗ − pKν νKT
∗ − ppipiT ∗
The optimal solutions of the child investment are obtained as follows:
kCT+1 = (τ
∗
T )
δτT (x∗T )
δxT
(
νHT
∗)δHT (νKT ∗)δKT (pi∗T )δpiT (kCT )δCT (kST )δST (B.23)
kST+1 = (τ
∗
T )
φτT (x∗T )
φxT
(
νHT
∗)φHT (νKT ∗)φKT (pi∗T )φpiT (kST )φST (kCT )φCT (B.24)
The remaining periods periods are obtained with the same methodology.
B.2 List of moments
Table B.1: List of moments
Moment Definition
Children’s initial conditions:
1 ρ(kC3 , Em), correlation between the initial observation of the cognitive skill and mother’s education.
2 ρ(kC3 , Ef ), correlation between the initial observation of the cognitive skill and father’s education.
3 ρ(kC3 ,1{LBW=1}, correlation between the initial observation of the cognitive skill and the low birth weight.
4 ρ(kS3 , Em), correlation between the initial observation of the socio-emotional skill and mother’s education.
Continued on next page
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Moment Definition
5 ρ(kS3 , Ef ), correlation between the initial observation of the socio-emotional skill and father’s education.
6 ρ(kS3 ,1{LBW=1}, correlation between the initial observation of the socio-emotional skill and the low birth weight.
7 Standard deviation of the residual of the OLS regression: kC3 = β1 + β2Em + β2Ef + β31{LBW=1} + u.
8 Standard deviation of the residual of the OLS regression: kS3 = β1 + β2Em + β2Ef + β31{LBW=1} + u.
Mother’s wages:
9 w¯1 =
n∑
i=1
w1,i, average of the wages at the child’s age of one.
10 sdw1 =
√
1
n
n∑
i=1
(w1,i − w¯1)2, standard deviation of the wages at the child’s age of one.
11 w¯3, average of the wages at the child’s age of three.
12 sdw3 , standard deviation of the wages at the child’s age of three.
13 w¯5, average of the wages at the child’s age of five.
14 sdw5 , standard deviation of the wages at the child’s age of five.
15 w¯1, by mother’s age.
16 sdw1 , by mother’s age.
17 w¯3, by mother’s age.
18 sdw3 , by mother’s age.
19 w¯5, by mother’s age.
20 sdw5 , by mother’s age.
21 w¯1, by mother’s level of education.
22 sdw1 , by mother’s level of education.
23 w¯3, by mother’s level of education.
24 sdw3 , by mother’s level of education.
25 w¯5, by mother’s level of education.
26 sdw5 , by mother’s level of education.
27 Standard deviation of the residuals of an OLS: w1 = β0 + β1Em + β2Age1 + β3Age21 + u.
28 Standard deviation of the residuals of an OLS: w3 = β0 + β1Em + β2Age3 + β3Age23 + u.
29 Standard deviation of the residuals of an OLS: w5 = β0 + β1Em + β2Age5 + β3Age25 + u.
Mother’s preferences:
30 τ¯3, average of the weekly hours of maternal care at the child’s age of three.
31 sdτ3 , standard deviation of the weekly hours of maternal care at the child’s age of three.
32 ν¯3, average of the weekly hours of formal care at the child’s age of three.
33 sdν3 , standard deviation of the weekly hours of formal care at the child’s age of three.
34 p¯i3, average of the weekly hours of informal care at the child’s age of three.
35 sdpi3 , standard deviation of the weekly hours of informal care at the child’s age of three.
36 l¯3, average of the mother’s leisure hours at the child’s age of three.
37 sdl3 , standard deviation of the mother’s leisure hours at the child’s age of three.
Continued on next page
94
Table B.1 – Continued from previous page
Moment Definition
38 τ¯5, average of the maternal time at the child’s age of five.
39 sdτ5 , standard deviation of the maternal time at the child’s age of five.
40 ν¯5, average of the weekly hours of formal care at the child’s age of five.
41 sdν5 , standard deviation of the weekly hours of formal care at the child’s age of five.
42 p¯i5, average of the weekly hours of informal care at the child’s age of five.
43 sdpi5 , standard deviation of the weekly hours of informal care at the child’s age of five.
44 l¯5, average of the mother’s leisure hours at the child’s age of five.
45 sdl5 , standard deviation of the mother’s leisure hours at the child’s age of five.
46 h¯1, average of the mother’s working hours per week at the child’s age of one.
47 sdh1 , standard deviation of the mother’s working hours per week at the child’s age of one.
48 Pr(h1 > 0), proportion of mother’s working positive hours during the week (child’s age of one).
49 h¯3, average of the mother’s working hours per week at the child’s age of three.
50 sdh3 , standard deviation of the mother’s working hours per week at the child’s age of three.
51 Pr(h3 > 0), proportion of mother’s working positive hours during the week (child’s age of three).
52 h¯5, average of the mother’s working hours per week at the child’s age of five.
53 sdh5 , standard deviation of the mother’s working hours per week at the child’s age of five.
54 Pr(h5 > 0), proportion of mother’s working positive hours during the week (child’s age of five).
55 ρ(w3, Q3), correlation between wags and non-labor income at the child’s age of three.
56 ρ(w5, Q5), correlation between wags and non-labor income at the child’s age of five.
Productivity parameter:
57 ρ(τ3, kC5 ), correlation between maternal time and child’s cognitive ability.
58 ρ(pi3, kC5 ), correlation between informal care and child’s cognitive ability.
59 ρ(ν3, kC5 ), correlation between formal care and child’s cognitive ability.
60 ρ(Y3, kC5 ), correlation between total household income and child’s cognitive ability.
61 ρ(kS3 , k
C
5 ), correlation between socio-emotional skill and cognitive ability.
62 ρ(τ3, kS5 ), correlation between maternal time and child’s socio-emotional skill.
63 ρ(pi3, kS5 ), correlation between informal care and child’s socio-emotional skill.
64 ρ(ν3, kS5 ), correlation between formal care and child’s socio-emotional skill.
65 ρ(Y3, kS5 ), correlation between total household income and child’s socio-emotional skill.
66 ρ(kC3 , k
S
5 ), correlation between cognitive ability and socio-emotional skill.
67 p¯ν , average of the price of formal care.
68 sdpν , standard deviation of the price of formal care.
69 p¯pi , average of the price of informal care.
70 sdppi , standard deviation of the price of informal care.
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B.3 Additional tables
B.3.1 Estimation results, (basic model)
Table B.2: Estimation results(∗)(∗∗)
Cognitive Socio-emotional
Parameter Estimate SE Parameter Estimate SE
γτ0 -0.350 (0.049) η
τ
0 -0.850 (0.130)
γτ1 0.003 (0.001) η
τ
1 0.002 (0.001)
γτ2 -0.501 (0.092) η
τ
2 -0.801 (0.124)
γx0 -2.030 (0.982) η
x
0 -3.012 (1.008)
γx1 0.144 (0.054) η
x
1 0.080 (0.014)
γx2 0.319 (0.082) η
x
2 0.104 (0.057)
γν0 -2.090 (0.094) η
ν
0 -3.110 (1.082)
γν1 0.303 (0.028) η
ν
1 0.205 (0.019)
γpi0 -1.660 (0.047) η
pi
0 -2.036 (0.892)
γpi1 -0.590 (0.052) η
pi
1 -0.709 (0.125)
γC0 -2.301 (0.120) η
S
0 -2.820 (0.991)
γC1 0.104 (0.046) η
S
1 0.051 (0.004)
γC2 0.050 (0.012) η
S
2 0.024 (0.019)
γC3 0.240 (0.039) η
S
3 0.089 (0.035)
γS0 -3.021 (1.024) η
C
0 -4.000 (1.256)
γS1 0.050 (0.001) η
C
1 0.040 (0.012)
γS2 0.039 (0.034) η
C
2 0.020 (0.009)
γS3 0.089 (0.019) η
C
3 0.060 (0.021)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from FFCWS, with the objective function repre-
sented by equation (2.17). The endogenous variables (Υ∗t =
{
h∗t , l∗t , τ∗t , ν∗t , pi∗t , c∗t , x∗t , kCt
∗
, kSt
∗}T
t=1
) are simulated with the
DGP described in section 2.5.1.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
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Table B.3: Estimation results(∗)(∗∗)
Cognitive
t = 1 t = 2 t = 3 t = 4 t = 5
Parameter Mean SD Mean SD Mean SD Mean SD Mean SD
δτt 0.434 0.581 0.263 0.334 0.159 0.248 0.097 0.173 0.059 0.115
(0.023) (0.091) (0.023) (0.002) (0.012) (0.034) (0.076) (0.008) (0.002) (0.046)
δνt 0.235 0.314 0.317 0.402 0.427 0.667 0.577 1.033 0.779 1.534
(0.076) (0.029) (0.056) (0.076) (0.103) (0.002) (0.145) (0.078) (0.057) (0.356)
δpit 0.183 0.245 0.247 0.313 0.333 0.519 0.449 0.804 0.607 1.195
(0.135) (0.023) (0.002) (0.046) (0.023) (0.034) (0.135) (0.012) (0.341) (0.923)
δxt 0.223 0.299 0.135 0.172 0.082 0.128 0.050 0.089 0.030 0.059
(0.356) (0.034) (0.056) (0.057) (0.008) (0.078) (0.091) (0.029) (0.023) (0.145)
δCt 0.129 0.173 0.157 0.200 0.192 0.300 0.235 0.420 0.287 0.564
(0.145) (0.076) (0.002) (0.103) (0.012) (0.056) (0.076) (0.135) (0.046) (0.008)
δSt 0.057 0.077 0.063 0.080 0.070 0.109 0.077 0.138 0.085 0.168
(0.001) (0.091) (0.076) (0.004) (0.057) (0.046) (0.002) (0.103) (0.029) (0.023)
Socio-emotional
t = 1 t = 2 t = 3 t = 4 t = 5
Parameter Mean SD Mean SD Mean SD Mean SD Mean SD
φτt 0.193 0.259 0.087 0.110 0.039 0.061 0.018 0.031 0.008 0.015
(0.008) (0.012) (0.093) (0.022) (0.004) (0.014) (0.009) (0.056) (0.001) (0.065)
φνt 0.067 0.090 0.074 0.094 0.082 0.128 0.091 0.162 0.100 0.198
(0.001) (0.023) (0.024) (0.040) (0.040) (0.001) (0.031) (0.080) (0.008) (0.026)
φpit 0.061 0.081 0.074 0.094 0.091 0.142 0.111 0.198 0.135 0.267
(0.012) (0.059) (0.031) (0.034) (0.004) (0.008) (0.024) (0.005) (0.093) (0.073)
φxt 0.067 0.090 0.033 0.042 0.017 0.026 0.008 0.015 0.004 0.008
(0.014) (0.012) (0.001) (0.029) (0.012) (0.058) (0.004) (0.009) (0.012) (0.095)
φSt 0.069 0.092 0.076 0.096 0.084 0.131 0.093 0.166 0.102 0.201
(0.093) (0.006) (0.022) (0.095) (0.008) (0.060) (0.024) (0.105) (0.004) (0.003)
φCt 0.020 0.027 0.021 0.027 0.022 0.035 0.024 0.043 0.025 0.050
(0.009) (0.001) (0.004) (0.012) (0.014) (0.005) (0.022) (0.099) (0.040) (0.008)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from FFCWS, with the objective function repre-
sented by equation (2.17). The endogenous variables (Υ∗t =
{
h∗t , l∗t , τ∗t , ν∗t , pi∗t , c∗t , x∗t , kCt
∗
, kSt
∗}T
t=1
) are simulated with the
DGP described in section 2.5.1.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
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B.3.2 Estimation results, (extended model)
Table B.4: Estimation results: preference parameters, (extended model).(∗)(∗∗)
Estimate S.E. Estimate S.E.
Preference parameters, α: Correlations:
Mean ρ(αl, αc) 0.229 (0.111)
Leisure, αl 0.153 (0.101) ρ(αl, αC) -0.115 (0.133)
Consumption, αc 0.272 (0.046) ρ(αl, αS) 0.103 (0.266)
Cognitive ability, αC 0.318 (0.105) ρ(αC , αS) 0.482 (0.183)
Socio-emotional skill, αS 0.257 (0.019)
Standard deviation Terminal payoff:
Leisure, αl 0.132 (0.056) ψ 20.119 (4.487)
Consumption, αc 0.199 (0.043)
Cognitive ability, αC 0.207 (0.110)
Socio-emotional skill, αS 0.145 (0.103)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from FFCWS. The endogenous variables (Υ∗t =
{
h∗t ,
l∗t , τ∗t , νDt
∗
, νHt
∗
, νKt
∗
, pi∗t , c∗t , x∗t , kCt
∗
, kSt
∗}T
t=1
) are simulated with the DGP described in section 2.5.1.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
Table B.5: Estimation results, (extended model).(∗)(∗∗)
Cognitive Socio-emotional
Parameter Estimate SE Parameter Estimate SE
γτ0 -0.321 (0.037) η
τ
0 -0.780 (0.150)
γτ1 0.002 (0.001) η
τ
1 0.001 (0.002)
γτ2 -0.459 (0.045) η
τ
2 -0.735 (0.145)
γx0 -1.836 (0.562) η
x
0 -2.754 (1.112)
γx1 0.091 (0.014) η
x
1 0.073 (0.011)
γx2 0.275 (0.023) η
x
2 0.091 (0.059)
γν
D
0 -2.109 (0.077) η
νD
0 -3.100 (1.082)
γν
D
1 0.213 (0.019) η
νD
1 0.115 (0.045)
γν
H
0 -1.500 (0.049) η
νH
0 -2.510 (1.189)
γν
H
1 0.210 (0.010) η
νH
1 0.198 (0.107)
γν
K
0 -2.001 (0.055) η
νK
0 -3.002 (1.456)
γν
K
1 0.281 (0.019) η
νK
1 0.280 (0.187)
γpi0 -0.918 (0.034) η
pi
0 -1.836 (0.847)
γpi1 -0.459 (0.050) η
pi
1 -0.643 (0.485)
γC0 -2.111 (0.090) η
S
0 -2.570 (1.089)
γC1 0.091 (0.023) η
S
1 0.045 (0.034)
γC2 0.045 (0.011) η
S
2 0.018 (0.037)
γC3 0.183 (0.029) η
S
3 0.009 (0.189)
γS0 -2.991 (1.011) η
C
0 -3.672 (1.782)
γS1 0.039 (0.001) η
C
1 0.036 (0.371)
γS2 0.045 (0.009) η
C
2 0.018 (0.001)
γS3 0.038 (0.045) η
C
3 0.055 (0.091)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from FFCWS. The endogenous variables (Υ∗t =
{
h∗t ,
l∗t , τ∗t , νDt
∗
, νHt
∗
, νKt
∗
, pi∗t , c∗t , x∗t , kCt
∗
, kSt
∗}T
t=1
) are simulated with the DGP described in section 2.5.1.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
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Table B.6: Estimation results, (extended model).(∗)(∗∗)
Cognitive
t = 1 t = 2 t = 3 t = 4 t = 5
Parameter Mean SD Mean SD Mean SD Mean SD Mean SD
δτt 0.473 0.663 0.299 0.401 0.189 0.295 0.119 0.155 0.075 0.120
(0.034) (0.093) (0.192) (0.102) (0.234) (0.008) (0.103) (0.040) (0.028) (0.012)
δDt 0.151 0.212 0.186 0.250 0.230 0.359 0.284 0.369 0.350 0.560
(0.031) (0.016) (0.083) (0.012) (0.126) (0.041) (0.084) (0.049) (0.125) (0.034)
δHt 0.275 0.385 0.340 0.455 0.419 0.654 0.517 0.672 0.638 1.020
(0.008) (0.012) (0.056) (0.028) (0.034) (0.037) (0.167) (0.092) (0.036) (0.048)
δKt 0.179 0.251 0.237 0.317 0.313 0.489 0.415 0.539 0.549 0.878
(0.125) (0.103) (0.031) (0.102) (0.234) (0.031) (0.049) (0.012) (0.073) (0.040)
δpit 0.252 0.353 0.159 0.214 0.101 0.157 0.064 0.083 0.040 0.064
(0.234) (0.167) (0.192) (0.040) (0.125) (0.048) (0.093) (0.126) (0.084) (0.051)
δxt 0.264 0.370 0.348 0.466 0.458 0.715 0.604 0.785 0.795 1.272
(0.083) (0.103) (0.016) (0.084) (0.012) (0.012) (0.056) (0.073) (0.040) (0.102)
δCt 0.152 0.213 0.183 0.245 0.220 0.343 0.264 0.343 0.317 0.508
(0.028) (0.041) (0.234) (0.034) (0.016) (0.126) (0.037) (0.012) (0.040) (0.008)
δSt 0.072 0.101 0.079 0.106 0.087 0.136 0.095 0.124 0.105 0.167
(0.056) (0.092) (0.083) (0.049) (0.031) (0.036) (0.034) (0.167) (0.103) (0.037)
Socio-emotional
t = 1 t = 2 t = 3 t = 4 t = 5
Parameter Mean SD Mean SD Mean SD Mean SD Mean SD
φτt 0.224 0.313 0.107 0.144 0.051 0.080 0.025 0.032 0.012 0.019
(0.006) (0.033) (0.034) (0.082) (0.056) (0.001) (0.019) (0.006) (0.019) (0.009)
φDt 0.050 0.070 0.056 0.075 0.063 0.098 0.070 0.091 0.078 0.125
(0.082) (0.006) (0.034) (0.010) (0.019) (0.011) (0.006) (0.029) (0.053) (0.056)
φHt 0.099 0.139 0.120 0.161 0.145 0.226 0.176 0.228 0.212 0.340
(0.093) (0.011) (0.009) (0.018) (0.006) (0.030) (0.031) (0.007) (0.056) (0.028)
φKt 0.066 0.092 0.087 0.117 0.115 0.180 0.153 0.198 0.202 0.323
(0.031) (0.093) (0.001) (0.072) (0.033) (0.091) (0.019) (0.098) (0.006) (0.009)
φpit 0.084 0.117 0.044 0.059 0.023 0.036 0.012 0.016 0.006 0.010
(0.034) (0.160) (0.053) (0.010) (0.056) (0.018) (0.001) (0.032) (0.082) (0.012)
φxt 0.084 0.117 0.092 0.123 0.101 0.157 0.110 0.144 0.121 0.194
(0.093) (0.087) (0.082) (0.024) (0.045) (0.009) (0.093) (0.003) (0.006) (0.082)
φSt 0.027 0.038 0.029 0.039 0.031 0.048 0.032 0.042 0.034 0.055
(0.045) (0.028) (0.019) (0.019) (0.006) (0.019) (0.082) (0.038) (0.033) (0.017)
φCt 0.085 0.120 0.094 0.125 0.103 0.160 0.112 0.146 0.123 0.197
(0.053) (0.001) (0.006) (0.014) (0.056) (0.076) (0.006) (0.045) (0.031) (0.012)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from FFCWS. The endogenous variables (Υ∗t =
{
h∗t ,
l∗t , τ∗t , νDt
∗
, νHt
∗
, νKt
∗
, pi∗t , c∗t , x∗t , kCt
∗
, kSt
∗}T
t=1
) are simulated with the DGP described in section 2.5.1.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
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Appendix C
Appendix for Chapter 3
C.1 Model solution
As this model involves a dynamic programming problem with a terminal condition, the optimal solutions
can be obtained by the application of backward induction. The process consists in solving the optimization
problem each period, starting from the last one, T . Then, at period T , we can re-express equation (3.11)
such that the mother’s problem is represented by the following expression,
VT (d
g
T ,D
g
T , lT , cT , k
j
T ) = αdd
g
T + αSD
g
T +
αdd
2
(dgT )
2 +
αDD
2
(DgT )
2 +
+αdDd
g
TD
g
T + αc ln[wThT + IT − iT − pddgT ] +
+αl ln[T
m − τT − hT ] + αk ln kjT +
+βδET
{
αdd
g
T+1 + αSD
g
T+1 +
αdd
2
(dgT+1)
2 +
+
αDD
2
(DgT+1)
2 + αdDd
g
T+1D
g
T+1 + αc ln cT+1 +
+αl ln lT+1 + ψαk
[
θϕT ln
(
λτT τT + λ
E
TE +
+λfT1{fatherT=1}
)
+ θiT ln iT + θ
d
T ln(1 + d
g
T ) +
+θkT ln k
j
T + 
]
+ δET+1V˜T+2
}
(C.1)
where ψ represents the value that parents give to the child’s non-cognitive ability j in the last period. The
first order conditions of equation (C.1) are the following,
hT :
∂VT
∂hT
= 0;
∂uT
∂hT
+
∂VT+1
∂ ln kjT+1
× ∂ ln k
j
T+1
∂hT
= 0
:
αcwT
wThT + IT − iT − pddgT
− αl
Tm − τT − hT = 0 (C.2)
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iT :
∂VT
∂iT
= 0;
∂uT
∂iT
+
∂VT+1
∂ ln kjT+1
× ∂ ln k
j
T+1
∂iT
= 0
: βδψαk
θiT
iT
− αc
wThT + IT − iT − pddgT
= 0 (C.3)
τT :
∂VT
∂τT
= 0;
∂uT
∂τT
+
∂VT+1
∂ ln kjT+1
× ∂ ln k
j
T+1
∂τT
= 0
: βδψαk
θϕTλ
τ
T
λτT τT + λ
E
TE + λfT1{fatherT=1}
− αl
Tm − τT − hT = 0 (C.4)
dgT : αd + αddd
g
T + αdDD
g
T −
αcp
d
wThT + IT − iT − pddgT
+ βδ
(
αS
+αDD
(
dgT + (1− ι)DgT
)
+ αdDd
g
T+1
)
+ βδψαk
θdT
1 + dgT
= 0 (C.5)
At period T − 1, the value function is given by:
VT−1(d
g
T−1,D
g
T−1, lT−1, cT−1, k
j
T−1) = αdd
g
T−1 + αSD
g
T−1 +
αdd
2
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2 +
+
αDD
2
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2 + αdDd
g
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g
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E
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E
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λτT−1τT−1 +
+λET−1E + λfT−11{fatherT−1=1}
)
+ θiT−1 ln iT−1 + θ
d
T−1 ln(1 + d
g
T−1) +
+θkT−1 ln k
j
T−1 + 
)
+ 
]
+ δET+1V˜T+2
}}
(C.6)
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The first order conditions of equation (C.6) are the following,
hT−1 :
αcwT−1
wT−1hT−1 + IT−1 − iT−1 − pddgT−1
− αl
Tm − τT−1 − hT−1 = 0
(C.7)
iT−1 : βδ(αk + δθkTψαk)
θiT−1
iT−1
−
− αc
wT−1hT−1 + IT−1 − iT−1 − pddgT−1
= 0 (C.8)
τT−1 : βδ(αk + δθkTψαk)
θϕT−1λ
τ
T−1
λτT−1τT−1 + λ
E
T−1E + λfT−11{fatherT−1=1}
−
− αl
Tm − τT−1 − hT−1 = 0 (C.9)
dgT−1 : αd + αddd
g
T−1 + αdDD
g
T−1 −
+
αcp
d
wT−1hT−1 + IT−1 − iT−1 − pddgT−1
+
+βδ
(
αS + αDD
(
dgT−1 + (1− ι)DgT−1
)
+ αdDd
g
T +
+δ(1− ι)
[
αS + αDD
(
dgT + (1− ι)
(
dgT−1 + (1− ι)DgT−1
))
+
+αdDd
g
T+1
])
+ βδ(αk + δθ
k
Tψαk)
θdT−1
1 + dgT−1
= 0 (C.10)
For any period t, we can obtain the optimal solutions of the endogenous variables hT , iT , τT , and
dgT (depending on the exogenous variables, ΦT , and parameters, ΛT ) by solving the following system of
equations:

αcwt
wtht + It − it − pddgt
− αl
Tm − τt − ht = 0
βδωt+1
θit
it
− αc
wtht + It − it − pddgt
= 0
βδωt+1
θϕt λ
τ
t
λτt τt + λ
E
t E + λft 1{fathert=1}
− αl
Tm − τt − ht = 0
βδωt+1
θdt
1 + dgt
+A+ dgtB −
αcp
d
wtht + It − it − pddgt
= 0
(C.11)
where A = αd+αdDDgt+βδ
((
αS+αdDd
g
t+1
)∑T−t
i=0 δ
i(1−ι)i+αDD
[
Dgt (1−ι)
∑T−t
i=0 δ
i(1−ι)i×2+∑Tj=t+1 dgj δ(1−
102
ι)
∑T−j
i=0 δ
i(1− ι)i×2
]
, and B = αdd + βδαDD
∑T−t
i=0 δ
i(1− ι)i×2.
C.2 Description of the data sets
C.2.1 The MLS
The Maternal Lifestyle Study (MLS; Lester et al., 2015) is the largest study that evaluates the impact of
substance use on pregnancy. It was developed in the early 1990s by the National Institutes of Child Health
and Human Development (NICHD), Neonatal Research Network (NICU), with additional support from
National Institute on Drug Abuse (NIDA).
The MLS was conducted at four universities: Wayne State University (Detroit, Michigan); University of
Tennessee at Memphis (Memphis, Tennessee); University of Miami (Miami, Florida); and Brown University
(Providence, Rhode Island). Participants were identified during the newborn period while in the hospital.
The MLS began enrollment of a longitudinal birth cohort in 1993. Mothers were recruited in the hospital
after delivery and informed consent was obtained at that time. The interview was approved by an appropriate
institutional review board (IRB) at each of its four sites. Confidentiality regarding the participants’ drug
use was assured through each center’s National Institute on Drug Abuse certificate of confidentiality.
All women delivering very-low-birth-weight newborns (i.e., 501-1500 grams) were approached to maximize
likelihood of recruiting participants who either had prenatal cocaine exposure or were appropriate group-
matched controls. Mothers were eligible if they were aged 18 years or older and did not have psychiatric
disorders, developmental delays, or language barriers.
Mothers at these centers were enrolled in the study within 24 hours after delivery. Initial screening
included the mother’s labor and delivery chart, the newborn admission chart, and a meconium sample. A
drug use questionnaire that addressed the mother’s use of nicotine, alcohol, marijuana, cocaine, opiates, and
other illicit drugs was given by trained research staff. Prenatal cocaine exposure (PCE) was determined by
mothers admitting cocaine use during pregnancy and/or a positive meconium assay for cocaine metabolites
utilizing gas chromatography/mass spectrometry confirmation. To be assigned to the comparison group,
participants who denied cocaine or opiate use during pregnancy also had to have negative meconium toxi-
cology results. Tobacco use were assessed by maternal report alone. Comparison participants were matched
on ethnicity (black, white, Hispanic, and other), sex, and gestational age.
The study included five phases of data collection. The first phase examined acute effects of maternal sub-
stance use on infant health outcomes at birth. The four subsequent follow-up phases examined development
across the following periods:
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• Phase II: examined the first 36 months of life of the child;
• Phase III: analyzed from the age of four to seven;
• Phase IV: 8-11 years;
• Phase V: 12-16 years.
C.2.2 The FFCWS
The Fragile Families and Child Wellbeing Study (FFCWS; Brooks-Gunn et al., 2011) follows a cohort of
unwed new parents and their children, to provide information about their conditions, capabilities and the
well-being of their children. The baseline was conducted between 1998 and 2000 in all US cities with
a population of 200,000 people or more. The cities included in the study are the following: Austin, TX;
Baltimore, MD; Boston, MA; Chicago, IL; Corpus Christi, TX; Indianapolis, IN; Jacksonville, FL; Nashville,
TN; New York, NY; Norfolk, VA; Philadelphia, PA; Pittsburgh, PA; Richmond, VA; San Antonio, TX; San
Jose, CA; Toledo, OH; Detroit, MI; Milwaukee, WI; Newark, NJ; Oakland, CA; and Jacksonville, FL. They
interviewed the parents at the hospital after the birth of their child. Parents were re-interviewed when their
babies were on average one (round one), three (round two), five (round three), and nine years old (round
four). Round one collected the data between June 1999 and March 2002; round two between April 2001 and
December 2003; round three collected the data between July 2003 and February 2006. Finally, round four
collected the data between 2007 and 2010. Given the characteristics of the dataset, households in the sample
are likely to be low income, to have nonresident fathers, and to have mothers with low levels of education.
The baseline questionnaires for mothers and fathers include information on (1) prenatal care, (2) mother
and father relationships, (3) fathers’ rights and responsibilities, (4) marriage plans, (5) parents’ health condi-
tion, (6) social support, (7) knowledge about community resources, and (8) parent’s education, employment,
and income. During Rounds one, two and three, they also collected information about (1) healthcare and
childcare services, (2) welfare and child support agencies, (3) parental conflict, and (4) child health and well-
being. As it was described in section 3.4, the dataset contains information about mother’s time allocation
and child care arrangements at a few points in time during the first five years of the child’s life.
C.2.3 Structure of the data sets
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C.3 Evolution of children’s health measures
As we discussed in the literature review section of the paper, there are not significant differences in the
children’s health variables according to their prenatal exposure to substances. Using data from the MLS, I
plot the evolution during the child’s development process of the traditional health measures. We observe in
figures C.2, C.3, C.4, C.5, and C.6 that children who had pre-natal exposure to different substances do not
have significant differences in their health condition with children that were not exposed. For the different
substances analyzed in this paper (alcohol, cocaine, marijuana, opiate and tobacco), I plot the evolution of
the children’s weight, height, and BMI during their first twelve years.
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Figure C.2: Prenatal exposure to alcohol. Source: data from MLS.
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Figure C.3: Prenatal exposure to cocaine. Source: data from MLS.
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Figure C.4: Prenatal exposure to marijuana. Source: data from MLS.
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Figure C.5: Prenatal exposure to opiate. Source: data from MLS.
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Figure C.6: Prenatal exposure to tobacco. Source: data from MLS.
C.4 List of moments
According to our discussion of the models’ identification strategy in section 3.5.1, table C.1 provides further
details of the identifying moments.
Table C.1: Identification of model parameters
Moments Source
Mother’s choices
Average and st. deviation of ϕt, at t = MLS
Average and st. deviation of kjt+1, at t = 3, 5, 7, 9, 11 MLS
Average and st. deviation of dgt ,D
g
t+1, at t = 1, ..., 12 MLS
Average and st. deviation of τt, ct, lt, at t = 3, 5 FFCWS
Average and st. deviation of ht, at t = 1, 3, 5, 9 FFCWS
Mother’s preferences
Correlation (kjt+1, d
g
t ), at t = 1, ..., 12 MLS
Correlation (ϕt, pt), at t = MLS
Correlation (dgt , pt), at t = 1 MLS
Correlation (τt, wt), at t = 3, 5 FFCWS
Correlation (ht, τt), at t = 3, 5 FFCWS
Parenting index
OLS regression ϕt with τt, Em,1{fathert=1} FFCWS
Mother’s wage
OLS regression lnµw,t with Em, Aget, Age2t , at t = 3, 5 FFCWS
Transition probabilities of outcomes
Child’s heterogeneity
Child’s initial level of ability
OLS regression of kj1 with Em, Ef ,1{LBW=1},1{exposed=1} FFCWS
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C.5 Asymptotic distribution of the MSM with multiple data sets
Duffie and Singleton (1993) pioneered the MSM for the case of one single data set (additional references
can be found in Gourieroux and Monfort, 1996). When one single source of data does not offer us all
the necessary moments, then, our estimation will require us to work with multiple data sets. Angrist and
Krueger (1992) and Arellano and Meghir (1992) derived the asymptotic properties of an IV estimator when
working with two data sets. The proof of this property relies on the following assumptions:
Assumption 1. The different samples are drawn independently. Also, the weighting matrix, W , is
block diagonal with elements w1 and w2, such that W =
w1 0
0 w2
. Each element ws is the inverse of the
variance-covariance matrix of the data moments of sample s for each j resample of the original data (with
j = 1, ..., J). Therefore,
ws =
(
1
J
J∑
j=1
(Mˆs,j − Mˆs)(Mˆs,j − Mˆs)′
)−1
.
Assumption 2. The objective function (3.15) is twice differentiable and attains its global minimum at
the true parameter vector Θ.
Assumption 3. D ≡ E
[
∂M(Θ)
∂Θ
]
exists, is finite, and has full rank. This results ensures identification of
parameters Θ through the moments in M(Θ).
Assumption 4. As in Arellano and Meghir (1992), each sample s increases at proportional rate
lim
N,Ns→∞
(√
N/
√
Ns
)
= φs, with 0 < φs < ∞. This ensures that none of the samples is irrelevant rela-
tive to the others.
Assumption 5. As in Duffie and Singleton (1993), simulated sample sizes increase at proportional rates
lim
N(Ns),Ns→∞
(N(Ns)/Ns) = r, with 0 < r <∞.
Then, according to the section 3.5.3, the vector M(Θ) can be rewritten as a sum of vectors such that
M(Θ) = M1(Θ)′ +M2(Θ)′,
where M1(Θ) =
[(
Mˆ1 −M1(Θ)
)′
,0′z
]′
, M2(Θ) =
[
0′e,
(
Mˆ2 −M2(Θ)
)′]′
, and 0e and 0z are vectors of zeros
with dimensions e× 1 and z × 1, respectively. The limiting distribution of √NsMs(Θ) is defined as follows:
√
NsMs(Θ)
d−→ N (0, Qs),
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where the covariance matrices adopt the following structure:
Q1 =
V [M1(Θ)]e×e 0e×z
0z×e 0z×z
 ;Q2 =
0e×e 0e×z
0z×e V [M2(Θ)]z×z

We can rescale the objective function as
√
NM(Θ) =
√
N√
N1
√
N1M1(Θ)′ +
√
N√
N2
√
N2M2(Θ)′.
By the application of the CLT theorem, we obtain:
√
NM(Θ0)
d−→ N (0, Q0),
with Q0 =
φ21V [M1(Θ)] 0
0 φ22V [M1(Θ)]
 =
φ21Ω1 0
0 φ22Ω2
.
The covariance matrix Ωs = V ar[Mˆs] +
1
rV ar[Ms(Θ)]. We see that it contains two components: one due
to the randomness of the data, and the other due to the randomness of the simulations. If the simulated
moments Ms(Θ) are generated from the DGP that generated Mˆs, then V ar[Mˆs] = V ar[Ms(Θ)], then
Ωs = (1 + 1/r)V ar[Mˆs].
Recall from equation (3.15), the FOC at the parameter estimate Θˆ,
D(Θˆ)′WM(Θˆ) = 0z+e, (C.12)
By implementing a first order Taylor series expansion to M(Θˆ) at Θ¯, and premultiplying by D(Θˆ)′W , we
obtain:
D(Θˆ)′WM(Θˆ) = D(Θˆ)′WM(Θ¯) + D(Θˆ)′WD(Θ0)(Θˆ− Θ¯)
Substituting this expression into (C.12), solving for (Θˆ− Θ¯), and premultiplying by √N , we achieve the
following expression
√
N(Θˆ− Θ¯) = −[D(Θˆ)′WD(Θ0)]−1D(Θˆ)′W√NM(Θ¯). (C.13)
Under the assumptions and specifications described, we obtain that
√
N(Θˆ−Θ¯) converges in distribution
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as Ns,N(Ns)→∞ (for all s), such that:
√
N(Θˆ− Θ¯) d−→ N (0,V),
where V =
[
D(Θˆ)′WD(Θ0)
]−1D(Θˆ)′WQ0W [D(Θˆ)′WD(Θ0)]−1.
C.6 Tables
Table C.2: Baseline characteristics
MLS FFCWS
Exposed Non-exposed p-value Total
Maternal characteristics
Race
Black 0.83 0.76 0.028 0.79 0.46
White 0.12 0.15 0.390 0.14 0.22
Hispanic 0.04 0.06 0.306 0.05 0.27
Other 0.01 0.03 0.007 0.02 0.05
Years of education 12.51 12.65 0.410 12.59 12.39
Age 29.84 26.91 0.001 28.21 24.31
Marital status, single 0.89 0.71 0.001 0.79 0.78
Children’s characteristics
Boy 0.53 0.53 0.872 0.53
Born on term 0.55 0.58 0.425 0.57
Pre-natal substance use
Cocaine use 1.000 0.000 - 0.444 0.070
Heavy cocaine use 0.297 0.000 - - -
Tobacco use 0.818 0.276 0.000 0.517 0.150
Heavy tobacco use 0.587 0.563 0.685 0.579 -
Alcohol use 0.729 0.476 0.000 0.588 0.250
Heavy alcohol use 0.303 0.116 0.000 0.219 -
Marijuana use 0.393 0.081 0.000 0.219 0.080
Number of observations 303 380 683 1,080
Source: own calculations with data from the MLS and FFCWS.
110
Table C.3: Post-natal caregiving environment: substance consumption
MLS
Exposed Non-exposed Total FFCWS
mean SD mean SD mean SD mean SD
Cocaine
t = 1 0.099 (0.299) 0.003 (0.051) 0.045 (0.208) 0.025 (0.010)
t = 2 0.086 (0.281) - - 0.038 (0.191) - -
t = 3 0.079 (0.271) - - 0.035 (0.184) 0.022 (0.023)
t = 4 0.063 (0.243) 0.003 (0.051) 0.029 (0.169) - -
t = 5 0.040 (0.195) - - 0.018 (0.131) 0.018 (0.190)
t = 6 0.053 (0.224) - - 0.023 (0.151) - -
t = 7 0.030 (0.170) 0.003 (0.051) 0.015 (0.120) - -
t = 8 0.036 (0.187) 0.003 (0.051) 0.018 (0.131) - -
t = 9 0.026 (0.161) - - 0.012 (0.108) 0.017 (0.291)
t = 10 0.030 (0.170) - - 0.013 (0.114) - -
t = 11 0.036 (0.187) - - 0.016 (0.126) - -
t = 12 0.020 (0.140) 0.003 (0.051) 0.010 (0.101) - -
Marijuana
t = 1 0.158 (0.366) 0.092 (0.290) 0.122 (0.327) 0.032 (0.219)
t = 2 0.129 (0.335) 0.068 (0.253) 0.095 (0.294) - -
t = 3 0.112 (0.316) 0.063 (0.244) 0.085 (0.279) 0.037 (0.283)
t = 4 0.106 (0.308) 0.047 (0.213) 0.073 (0.261) - -
t = 5 0.086 (0.281) 0.039 (0.195) 0.060 (0.238) 0.041 (0.182)
t = 6 0.099 (0.299) 0.055 (0.229) 0.075 (0.263) - -
t = 7 0.063 (0.243) 0.066 (0.248) 0.064 (0.246) - -
t = 8 0.083 (0.276) 0.063 (0.244) 0.072 (0.258) - -
t = 9 0.073 (0.260) 0.058 (0.234) 0.064 (0.246) 0.052 (0.291)
t = 10 0.079 (0.271) 0.053 (0.224) 0.064 (0.246) - -
t = 11 0.109 (0.312) 0.061 (0.239) 0.082 (0.275) - -
t = 12 0.079 (0.271) 0.063 (0.244) 0.070 (0.256) - -
Tobacco
t = 1 0.716 (0.452) 0.313 (0.464) 0.492 (0.500) 0.321 (0.234)
t = 2 0.581 (0.494) 0.271 (0.445) 0.408 (0.492) - -
t = 3 0.568 (0.496) 0.271 (0.445) 0.403 (0.491) 0.311 (0.125)
t = 4 0.498 (0.501) 0.279 (0.449) 0.376 (0.485) - -
t = 5 0.492 (0.501) 0.297 (0.458) 0.384 (0.487) 0.356 (0.431)
t = 6 0.521 (0.500) 0.295 (0.457) 0.395 (0.489) - -
t = 7 0.502 (0.501) 0.311 (0.463) 0.395 (0.489) - -
t = 8 0.541 (0.499) 0.326 (0.469) 0.422 (0.494) - -
t = 9 0.525 (0.500) 0.324 (0.468) 0.413 (0.493) 0.391 (0.384)
t = 10 0.528 (0.500) 0.316 (0.465) 0.410 (0.492) - -
t = 11 0.505 (0.501) 0.305 (0.461) 0.394 (0.489) - -
t = 12 0.492 (0.501) 0.308 (0.462) 0.389 (0.488) - -
Source: own calculations with data from the MLS and FFCWS.
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Table C.4: FFCWS: main control variables
t = 1 t = 3 t = 5 t = 9
mean SD mean SD mean SD mean SD
Household
characteristics:
Annual household
income/$1,000 25.91 25.82 27.35 23.82 31.26 28.85 32.35 29.98
Weekly non-labor
income 47.12 89.92 73.14 100.11 78.13 112.31 82.23 99.92
Proportion working 0.79 0.37 0.79 0.48 0.81 0.43 0.84 0.39
Control variables:
Leisure, lt - - 20.32 22.16 25.61 19.97 - -
Working, ht 26.57 18.35 24.98 18.80 24.74 19.50 24.78 13.09
Maternal care, τt - - 67.29 27.17 62.60 25.32 - -
Number of observations 1,080
Source: own calculations using data from the FFCWS.
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Table C.6: Primitive technology parameter estimates. Production function of non-cognitive skills(∗)(∗∗)
kCBCLt k
TRF
t k
V ABS
t
Model Parameter mean SD mean SD mean SD
dcocainet αd 0.812 0.345 0.721 0.230 0.441 0.259
(0.323) (0.119) (0.228) (0.099) (0.108) (0.124)
αS -0.091 0.022 -0.094 0.073 -0.062 0.044
(0.033) (0.009) (0.011) (0.042) (0.091) (0.042)
αdd -0.083 0.033 -0.044 0.092 -0.034 0.021
(0.054) (0.021) (0.009) (0.037) (0.011) (0.002)
αDD -0.087 0.044 -0.072 0.043 -0.055 0.044
(0.032) (0.021) (0.008) (0.012) (0.019) (0.007)
αdD 0.541 0.333 0.431 0.325 0.477 0.217
(0.198) (0.081) (0.099) (0.113) (0.092) (0.009)
αc 0.284 0.124 0.212 0.147 0.197 0.128
(0.093) (0.023) (0.015) (0.009) (0.011) (0.210)
αl 0.211 0.102 0.165 0.111 0.091 0.011
(0.092) (0.003) (0.038) (0.438) (0.038) (0.005)
αk 0.107 0.091 0.092 0.051 0.041 0.022
(0.093) (0.023) (0.018) (0.038) (0.008) (0.019)
β 0.843 0.753 0.653
(0.283) (0.199) (0.242)
ψ 23.090 22.345 19.934
(19.234) (18.348) (9.238)
dmarijuanat αd 0.617 0.288 0.483 0.207 0.299 0.197
(0.224) (0.308) (0.186) (0.203) (0.163) (0.109)
αS -0.069 0.018 -0.063 0.066 -0.042 0.033
(0.085) (0.003) (0.047) (0.023) (0.005) (0.002)
Continued on next page
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Table C.6 – Continued from previous page
kCBCLt k
TRF
t k
V ABS
t
Model Parameter mean SD mean SD mean SD
αdd -0.063 0.028 -0.029 0.083 -0.023 0.016
(0.028) (0.003) (0.023) (0.037) (0.019) (0.003)
αDD -0.066 0.037 -0.048 0.039 -0.037 0.033
(0.038) (0.018) (0.023) (0.017) (0.012) (0.098)
αdD 0.411 0.278 0.289 0.293 0.323 0.165
(0.119) (0.119) (0.219) (0.234) (0.298) (0.008)
αc 0.386 0.103 0.354 0.132 0.331 0.097
(0.199) (0.034) (0.192) (0.044) (0.028) (0.034)
αl 0.329 0.085 0.276 0.100 0.153 0.009
(0.029) (0.038) (0.119) (0.028) (0.003) (0.008)
αk 0.167 0.076 0.154 0.046 0.069 0.017
(0.003) (0.034) (0.038) (0.017) (0.035) (0.004)
β 0.842 0.432 0.421
(0.197) (0.156) (0.183)
ψ 25.125 24.226 19.321
(12.345) (19.749) (7.483)
dtobaccot αd 0.316 0.193 0.327 0.160 0.191 0.221
(0.309) (0.105) (0.221) (0.119) (0.009) (0.113)
αS -0.035 0.012 -0.043 0.051 -0.027 0.037
(0.007) (0.023) (0.017) (0.009) (0.028) (0.018)
αdd -0.032 0.018 -0.020 0.064 -0.015 0.018
(0.013) (0.021) (0.007) (0.024) (0.008) (0.029)
αDD -0.034 0.025 -0.033 0.030 -0.024 0.037
(0.023) (0.034) (0.082) (0.014) (0.008) (0.019)
Continued on next page
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Table C.6 – Continued from previous page
kCBCLt k
TRF
t k
V ABS
t
Model Parameter mean SD mean SD mean SD
αdD 0.211 0.186 0.195 0.227 0.206 0.185
(0.092) (0.213) (0.042) (0.025) (0.098) (0.021)
αc 0.584 0.069 0.308 0.102 0.282 0.109
(0.034) (0.001) (0.034) (0.094) (0.011) (0.002)
αl 0.498 0.057 0.240 0.077 0.130 0.010
(0.219) (0.048) (0.037) (0.023) (0.034) (0.004)
αk 0.252 0.051 0.134 0.036 0.059 0.019
(0.028) (0.048) (0.048) (0.038) (0.048) (0.003)
β 0.743 0.421 0.456
(0.236) (0.134) (0.223)
ψ 15.295 14.267 10.245
(10.942) (7.347) (12.838)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from the MLS and FFCWS with the objective
function represented by equation (3.15). The endogenous variables, Υ∗t =
(
τt, ht, it, d
g
t , D
g
t+1, ct, lt, ϕt, k
j
t+1
)′
for t = 1, ..., T ,
are simulated with the DGP described in section 3.5.2.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
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Table C.7: Primitive technology parameter estimates. Production function of non-cognitive skills(∗)(∗∗)
dcocainet d
marijuana
t d
tobacco
t
kCBCLt k
TRF
t k
V ABS
t k
CBCL
t k
TRF
t k
V ABS
t k
CBCL
t k
TRF
t k
V ABS
t
γϕ0 0.487 0.443 0.390 0.473 0.430 0.378 0.573 0.521 0.458
(0.219) (0.148) (0.129) (0.119) (0.156) (0.218) (0.283) (0.113) (0.422)
γϕ1 -0.037 -0.030 -0.018 -0.032 -0.026 -0.015 -0.012 -0.010 -0.006
(0.018) (0.021) (0.014) (0.027) (0.028) (0.098) (0.042) (0.004) (0.007)
γi0 0.009 0.008 0.007 0.010 0.009 0.008 0.012 0.011 0.010
(0.002) (0.003) (0.001) (0.009) (0.011) (0.004) (0.038) (0.007) (0.004)
γi1 0.029 0.023 0.014 0.051 0.041 0.024 0.059 0.047 0.028
(0.013) (0.009) (0.007) (0.023) (0.047) (0.032) (0.038) (0.012) (0.007)
γd0 -0.520 -0.473 -0.416 -0.141 -0.128 -0.113 -0.163 -0.148 -0.130
(0.219) (0.283) (0.197) (0.083) (0.015) (0.076) (0.073) (0.092) (0.032)
γd1 0.015 0.012 0.007 0.011 0.009 0.005 0.011 0.009 0.005
(0.009) (0.049) (0.003) (0.012) (0.004) (0.003) (0.008) (0.004) (0.001)
γk0 0.200 0.182 0.160 0.221 0.201 0.177 0.223 0.203 0.178
(0.072) (0.081) (0.038) (0.056) (0.052) (0.087) (0.113) (0.048) (0.038)
γk1 0.060 0.048 0.029 0.037 0.030 0.018 0.057 0.046 0.027
(0.021) (0.018) (0.019) (0.015) (0.009) (0.006) (0.003) (0.003) (0.007)
σ2
kj
2.001 1.821 1.438 1.971 1.711 1.682 1.991 1.551 1.422
(1.008) (0.973) (0.762) (0.338) (0.177) (1.008) (0.281) (0.183) (0.382)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from the MLS and FFCWS with the objective
function represented by equation (3.15). The endogenous variables, Υ∗t =
(
τt, ht, it, d
g
t , D
g
t+1, ct, lt, ϕt, k
j
t+1
)′
for t = 1, ..., T ,
are simulated with the DGP described in section 3.5.2.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
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Table C.8: Primitive technology parameter estimates, cont. Intermediate input(∗)(∗∗)
dcocainet d
marijuana
t d
tobacco
t
kCBCLt k
TRF
t k
V ABS
t k
CBCL
t k
TRF
t k
V ABS
t k
CBCL
t k
TRF
t k
V ABS
t
γτ0 0.112 0.050 0.005 0.229 0.202 0.107 0.376 0.371 0.222
(0.092) (0.021) (0.028) (0.182) (0.182) (0.085) (0.138) (0.144) (0.048)
γτ1 -0.007 -0.002 -0.0001 -0.001 -0.0006 -0.0001 -0.021 -0.017 -0.019
(0.004) (0.001) (0.001) (0.002) (0.001) (0.001) (0.003) (0.008) (0.009)
γE0 0.019 0.01 0.002 0.011 0.008 0.004 0.080 0.055 0.0955
(0.009) (0.007) (0.001) (0.005) (0.003) (0.002) (0.038) (0.021) (0.032)
γE1 0.021 0.011 0.004 0.019 0.013 0.007 0.005 0.003 0.0031
(0.017) (0.009) (0.002) (0.007) (0.006) (0.003) (0.002) (0.001) (0.001)
γf0 0.001 0.001 0.0004 0.015 0.011 0.008 0.010 0.007 0.006
(0.001) (0.001) (0.003) (0.008) (0.006) (0.002) (0.001) (0.003) (0.002)
γf1 0.017 0.012 0.008 0.015 0.011 0.008 0.011 0.009 0.004
(0.007) (0.006) (0.003) (0.018) (0.008) (0.004) (0.007) (0.004) (0.002)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from the MLS and FFCWS with the objective
function represented by equation (3.15). The endogenous variables, Υ∗t =
(
τt, ht, it, d
g
t , D
g
t+1, ct, lt, ϕt, k
j
t+1
)′
for t = 1, ..., T ,
are simulated with the DGP described in section 3.5.2.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
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Table C.9: Labor and non-labor paramater estimates(∗)(∗∗)
dcocainet d
marijuana
t d
tobacco
t
kCBCLt k
TRF
t k
V ABS
t k
CBCL
t k
TRF
t k
V ABS
t k
CBCL
t k
TRF
t k
V ABS
t
ζ0 0.064 0.055 0.0054 0.077 0.073 0.0722 0.089 0.083 0.0822
(0.021) (0.014) (0.002) (0.048) (0.028) (0.035) (0.032) (0.029) (0.059)
ζ1 0.051 0.054 0.043 0.055 0.0585 0.0543 0.004 0.0433 0.0773
(0.018) (0.013) (0.021) (0.028) (0.034) (0.031) (0.002) (0.016) (0.034)
ζ2 0.073 0.077 0.071 0.075 0.0889 0.0884 0.099 0.101 0.102
(0.027) (0.029) (0.031) (0.045) (0.036) (0.028) (0.053) (0.087) (0.096)
ζ3 -0.95 -0.9 -0.89 -0.884 -0.8421 -0.8221 -0.990 -0.811 0.012
(0.329) (0.345) (0.361) (0.289) (0.492) (0.467) (0.529) (0.382) (0.094)
σ2w 0.510 0.342 0.446 0.654 0.666 0.554 0.982 0.349 0.938
(0.287) (0.173) (0.103) (0.238) (0.231) (0.108) (0.331) (0.287) (0.347)
µI 3.130
8.371
σ2I 181.163
38.972
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from the MLS and FFCWS with the objective
function represented by equation (3.15). The endogenous variables, Υ∗t =
(
τt, ht, it, d
g
t , D
g
t+1, ct, lt, ϕt, k
j
t+1
)′
for t = 1, ..., T ,
are simulated with the DGP described in section 3.5.2.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
Table C.10: Initial condition estimates(∗)(∗∗)
dcocainet d
marijuana
t d
tobacco
t
kCBCLt k
TRF
t k
V ABS
t k
CBCL
t k
TRF
t k
V ABS
t k
CBCL
t k
TRF
t k
V ABS
t
pd 15.211 15.449 15.221 4.001 4.321 4.336 0.271 0.261 0.211
(6.832) (9.234) (5.234) (2.002) (1.831) (2.952) (0.098) (0.103) (0.195)
ι 0.151 0.172 0.123 0.213 0.321 0.123 0.342 0.231 0.199
(0.037) (0.073) (0.005) (0.023) (0.047) (0.073) (0.147) (0.056) (0.081)
ϑ0 0.189 0.193 0.104 0.093 0.075 0.069 0.042 0.039 0.021
(0.093) (0.059) (0.101) (0.029) (0.038) (0.048) (0.025) (0.058) (0.055)
ϑ1 0.109 0.095 0.101 0.073 0.094 0.059 0.071 0.055 0.039
(0.054) (0.043) (0.048) (0.058) (0.092) (0.057) (0.082) (0.032) (0.019)
ϑ2 0.067 0.058 0.083 0.092 0.086 0.066 0.039 0.059 0.052
(0.039) (0.027) (0.016) (0.028) (0.037) (0.025) (0.011) (0.008) (0.032)
ϑ3 -0.582 -0.529 -0.491 -0.402 -0.509 -0.501 -0.406 -0.421 -0.369
(0.182) (0.117) (0.097) (0.112) (0.299) (0.147) (0.122) (0.227) (0.110)
ϑ4 -0.934 -1.029 -1.003 -0.992 -0.873 -0.806 -0.589 -0.499 -0.301
(0.338) (0.538) (0.283) (0.338) (0.177) (0.108) (0.147) (0.399) (0.381)
Notes:
(∗) Parameter estimates obtained by the application of the MSM using data from the MLS and FFCWS with the objective
function represented by equation (3.15). The endogenous variables, Υ∗t =
(
τt, ht, it, d
g
t , D
g
t+1, ct, lt, ϕt, k
j
t+1
)′
for t = 1, ..., T ,
are simulated with the DGP described in section 3.5.2.
(∗∗) Standard errors in parenthesis obtained by bootstrap with 200 replications.
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Table C.11: Sample fit of endogenous choice variables (averages)
Actual† CBCL, Simulated‡
dcocainet d
marijuana
t d
tobacco
t d
cocaine
t d
marijuana
t d
tobacco
t
Age (0-5)
dgt 0.166 0.040 4.265 0.238 0.109 5.428
lt 22.97 20.83
ht 25.43 28.89
τt 63.94 61.34
kjt 60.456 59.110 61.892 63.276
Age (6-9)
dgt 0.192 0.035 5.422 0.382 0.107 6.230
lt - 32.89
ht 24.78 31.03
τt - 48.32
kjt 69.403 67.289 71.033 70.883
Age (10-12)
dgt 0.133 0.042 4.932 0.253 0.219 7.382
lt - 33.14
ht - 41.25
τt - 38.06
kjt 69.662 68.054 72.380 71.536
Notes:
(†) Actual data refers to the information obtained from the MLS and FFCWS.
(‡) Simulated data is obtained from the estimated parameters Θ̂.
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